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Abstract

Presupposition projection in conditionals is cen-
tral to theories of meaning and pragmatics, yet
it remains largely unevaluated in large language
models. We address this gap through a parallel
behavioral study comparing human judgments
and LLM predictions on a normed dataset of
conditional sentences that controls the relation
between the antecedent and the projected pre-
supposition. We collect likelihood ratings from
120 participants and four LLMs under matched
contextual conditions. Results show that hu-
mans integrate probabilistic and pragmatic cues
in their judgment, whereas LLMs show vari-
able alignment with human patterns. Using
a linguistically motivated checklist within an
LLM-as-a-Judge framework, we further evalu-
ate model reasoning. We observe models that
best match human ratings often lack coher-
ent pragmatic reasoning, while models with
stronger reasoning produce less human-like
judgments. These findings suggest that LLMs’
performance on such tasks may result from sur-
face pattern matching rather than pragmatic
competence. Our findings highlight the im-
portance of benchmarks grounded in linguistic
theory for comparing humans and models.

1 Introduction

Understanding how implicit meaning is inferred in
context has remained a complicated challenge for
theories of natural language interpretation. A clas-
sic puzzle is the proviso problem (Geurts, 1996)
in presupposition projection, which concerns how
presuppositions triggered in the consequent of con-
ditionals are interpreted. In some cases, the pre-
supposition is clearly understood as unconditional
(e.g., If John flies to London, his sister will pick
him up presupposes that John has a sister). In other
cases, however, the presupposition may be under-
stood either unconditionally or conditional on the
antecedent (e.g., If John is a scuba diver, he will

*Corresponding author: taraazin@cmail.carleton.ca

bring his wetsuit). According to satisfaction the-
ories of presupposition projection (Heim, 1983;
Beaver, 2001; Schlenker, 2008), a sentence of the
form If A,Bp, where B contains a presupposition
trigger, and p is the presupposition of B, projects
the conditional presupposition A → p. In cases
where accommodation is required1 (Lewis, 1979;
von Fintel, 2008), listeners may either accommo-
date A → p or strengthen it to p itself (Singh, 2007,
2020). The proviso problem thus concerns how this
accommodation decision is made and what role
plausibility and context-sensitive reasoning play in
determining whether p is interpreted conditionally
or unconditionally (Mandelkern, 2016; Mandelkern
and Rothschild, 2019). Despite decades of theoret-
ical work, no consensus has been reached on this
problem.

Recent work evaluates the linguistic capabili-
ties of large language models (LLMs) (Hale and
Stanojević, 2024; Søgaard, 2025), but existing stud-
ies suggest that they often struggle with semantic
and pragmatic reasoning tasks compared to hu-
man judgments (Sravanthi et al., 2024). From a
linguistic perspective, as noted above, presupposi-
tion reasoning reflects the interaction of semantics,
pragmatics, discourse context, and probabilistic
reasoning, and is sensitive to relevance and world
knowledge (Mandelkern, 2016; Domaneschi et al.,
2016). However, these interactions have not yet
been examined in controlled human–LLM compar-
isons.

In this paper, we present a comparison of human
and LLM presupposition judgments based on the
proviso problem in conditional sentences. We in-
vestigate how probabilistic relevance between the
antecedent and the presupposition affects projec-
tion patterns in conditionals of the form If A,Bp,
where B contains a possessive trigger and p is the

1Accommodation refers to the pragmatic process by which
listeners update the common ground to satisfy a presupposition
when it is not already entailed.
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presupposition of B. We construct a dataset of 90
sentences based on 30 base propositions, each in-
stantiated in three variants that manipulate the log-
ical and probabilistic relationship between A and
p. We collect likelihood ratings from 120 human
participants and four LLMs on a 0–7 Likert scale (0
= very unlikely, 7 = very likely), with and without
minimal contextual information. This design al-
lows us to examine how presupposition judgments
vary with A–p relevance and how they are influ-
enced by contextual information. The design is in
line with current works using parallel human-LLM
comparisons to assess linguistic competence (Qiu
et al., 2024).

In addition, we conduct an LLM-as-a-judge ex-
periment to analyze the reasoning underlying mod-
els’ predictions. Using a theory-informed checklist
that is grounded in formal semantics and pragmatic
principles, a judge model evaluates whether expla-
nations generated by the models reflect valid infer-
ential patterns. Human experts are involved in both
designing the checklist and in the meta evaluation
stage. We argue that this approach moves beyond
evaluation that is solely based on accuracy met-
rics toward a more interpretable analysis of model
behavior, and is better suited to semantic and prag-
matic tasks such as presupposition handling.

Our study addresses the following research ques-
tions: (i) How do human presupposition judgments
in conditional sentences vary with antecedent-
presupposition relevance? (ii) How closely do
LLM judgments align with human patterns across
contextual conditions? (iii) How does minimal dis-
course context influence interpretation for humans
and models? (iv) To what extent do LLM expla-
nations represent theoretically grounded reasoning
about presupposition projection?2

2 Related Work

2.1 Human-Machine Presupposition Studies

Research on presuppositional reasoning in lan-
guage models is relatively recent. Prior work has
examined conditional inference and presupposition
judgment using prompt-based and NLI-style evalu-
ations (Holliday et al., 2024; Atwell et al., 2025).
Earlier studies evaluated models on datasets such
as IMPPRES, NOPE, and PROPRES (Jeretic et al.,
2020; Parrish et al., 2021; Asami and Sugawara,

2Codes and dataset are available at
https://github.com/proviso-bench/Presupposition-and-
Reasoning-in-Conditionals

2023). These datasets mainly focus on entailment
reasoning with simple conditional structures and
do not address pragmatic factors that influence pre-
supposition projection. As a result, they offer lim-
ited coverage of presupposition projection in com-
plex conditionals. Overall, existing work primarily
adopts classification-based evaluation and rarely
conducts controlled behavioral comparisons with
human judgments. Our study addresses this gap
through a theory-driven human-LLM comparison
of presupposition projection in conditionals.

2.2 Pragmatic Evaluation of LLMs
Recent work has examined whether LLMs exhibit
pragmatic competence in areas such as implica-
ture, presupposition, and reference (Jeretic et al.,
2020; Kabbara and Cheung, 2022). The Pragmatics
Understanding Benchmark (Sravanthi et al., 2024)
provides the only large-scale theory-based resource
with parallel human-LLM evaluation across mul-
tiple pragmatic phenomena. Azin et al. (2025)
introduce CONFER, an NLI benchmark for this
phenomenon, showing that models fail to general-
ize presuppositional reasoning to complex condi-
tional structures. They further probe this behavior
through explainability analyses, finding that mod-
els broadly align with human judgments on the pro-
viso problem but rely on shallow pattern matching
rather than pragmatic reasoning (Azin et al., 2026).
Our work builds on this line of research by focus-
ing specifically on presupposition in conditional
contexts and by providing a behavioral comparison
based on pragmatic theories.

2.3 LLM-as-a-Judge
Traditional automatic metrics such as BLEU and
ROUGE are limited in evaluating semantic and
pragmatic reasoning (Papineni et al., 2002; Lin,
2004). Recent work has therefore explored
more interpretability-oriented LLM-as-a-Judge ap-
proaches (Zheng et al., 2023). Lee et al. (2025b)
propose a checklist-based framework that decom-
poses evaluation criteria into interpretable binary
judgments. Building on this approach, we adopt
and extend a theory-informed checklist tailored to
presupposition inference.

3 Methodology

Our methodology consists of four stages: (1) a
norming study to construct a controlled dataset, (2)
collection of parallel presupposition judgments and
reasoning from human participants and LLMs, (3)
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development of a checklist for evaluating pragmatic
reasoning, and (4) automated evaluation using an
LLM-as-a-Judge framework, followed by human
validation.

3.1 Data Construction and Norming

Our dataset design is motivated by probabilistic
accounts of presupposition accommodation in con-
ditionals. Based on existing theories, when inter-
preting the presupposition (p) of a conditional sen-
tence of the form If A,Bp, where p is the direct
presupposition of the consequent B, listeners com-
pare how likely p is in general given background
context c3, Pr(p | c), with how likely p is under
the assumption that A holds, Pr(p | A, c) (Carnap,
1950; Strawson, 1950; Stalnaker, 1973, 1998). In
simple words, listeners consider whether assum-
ing that A holds makes p much more likely to be
true. If it does, they tend to interpret p as holding
only under the condition A; if it does not, they
tend to interpret p as generally true. For example,
in If John is a scuba diver, then he will bring his
wetsuit, being a scuba diver (A) makes having a
wetsuit (p) much more likely, whereas in If John
flies to London, then his sister will pick him up,
flying to London (A) does not affect whether John
has a sister (p). To operationalize this idea, we
conduct a norming study to quantify and validate
the probabilistic relevance between antecedents (A)
and presuppositions (p). This allows us to obtain
graded levels of A-p relevance, which are used to
construct the main study items for presupposition
judgment.

We construct 30 base propositions correspond-
ing to presupposed content (e.g., having a guitar,
having an apron, having a boat). These proposi-
tions span high-probability ownerships (e.g., hav-
ing a smartphone), moderate-probability cases (e.g.,
having siblings), and low-probability cases (e.g.,
having a boat). We also include neutral contex-
tual constraints (e.g., someone being at a gym or
at an airport) to restrict the possible world without
directly affecting p.

For each proposition, we design four norm-
ing conditions: a baseline condition measuring
Pr(p | c) and three conditional criteria measur-
ing Pr(p | A, c) with high, mid, and low A–p
relevance antecedents. For example, for having a

3By background context, we refer to shared world knowl-
edge and situational assumptions available to interlocutors,
such as general facts about people, places, and everyday situa-
tions.

guitar in the context someone at a gym, we ask
about the likelihood that the person (i) has a guitar
(baseline), (ii) is a musician and has a guitar (high
relevance), (iii) likes music and has a guitar (mid
relevance), and (iv) speaks French and has a guitar
(low relevance). Participants (thirty native English
speakers residing in the US, Canada, and the UK,
recruited via Prolific4) rated 120 items on a 1–7
Likert scale by judging how likely each statement
was to be true, with items presented in randomized
order.

The norming results show clear statistical sep-
aration between low, mid, and high probability
conditions, confirming our initial predictions. We
therefore excluded the baseline items and retained
the 90 conditional items for the main study. Each
main study item followed the form If A,Bp, with
antecedents selected to induce relevant, somewhat
relevant, or irrelevant A-p relations, and with tar-
get propositions representing low-, mid-, and high-
probability categories derived from the norming
data (e.g., having a watch, having a smartphone).

For example, in If Daniel drinks tea, he will
make tea for his sister, the antecedent A (drinks
tea) is semantically unrelated to the presupposition
p (Daniel has a sister), yielding an irrelevant A-p
relation, and the proposition having a sister cor-
responds to a mid-probability category based on
norming results (see Appendix B for more exam-
ples).

3.2 Human and LLM Evaluation
Human Participants We recruit 128 native En-
glish speakers via Prolific. All participants report
being born and raised speaking English and having
no history of neurological or cognitive conditions
affecting language comprehension. Two attention-
check questions are included, and participants who
fail either check are excluded. 120 participants
were retained after applying the exclusion criteria
(see Appendix A for details).

Both human participants and LLMs receive iden-
tical instructions. The full instructions and prompts
are reported in Appendix B and Appendix F.

Experimental Procedure Participants complete
a presupposition judgment task consisting of the
same 90 conditional sentences of the form If A,Bp.
They are instructed to assume that the speaker is
honest, reliable, and cooperative, and that relevant
background assumptions are shared. For each item,

4https://www.prolific.com
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Dimension Theory Base Examples of What It Tests

Accuracy Discourse Representation Theory (DRT) Trigger and anaphora detection
Context Dynamic Semantics Robustness to context effects
Pragmatic Gricean Pragmatics Relevance and common ground reasoning
Presupposition Handling Projection and Accommodation Theory Projection and accommodation control
Coherence Argumentation Theory Consistency between reasoning and judgments

Table 1: Checklist dimensions and representative evaluation criteria used by the LLM-as-a-judge model to assess
LLM reasoning steps against semantic and pragmatic theories in conditional presupposition tasks.

participants rate how likely the presupposition p is
to be true on a 0–7 Likert scale (0 = very unlikely,
7 = very likely). Examples of this task are provided
in Appendix B.2, Table 5.

The experiment follows a between-participants
design with two conditions: without-context and
with-context. All participants in both conditions
answered the same 90 items, however, in the with-
context condition, each item additionally included
a brief identifying background description (e.g., the
person being discussed is from Toronto). Provid-
ing minimal identifying context allows us to show
how background information modulates perceived
evidential reliability. This is consistent with prior
work showing that contextual cues influence how
speakers evaluate the strength of testimonial and
inferential evidence (Lesage et al., 2015). The ra-
tionale for this manipulation is based on psycholin-
guistic work on context-driven interpretation (Crain
and Steedman, 1985). In the absence of any con-
textual framing, participants must implicitly decide
which situation or possible world they are meant
to reason about, leaving many parameters of the in-
terpretive problem underspecified. Even a minimal
context line, such as identifying where an individ-
ual is from, serves two related functions. First, it
fixes parameters that would otherwise remain open
(e.g., the individual’s background properties), and
it increases the salience of those parameters, poten-
tially triggering relevance-based reasoning about
whether the contextual information bears on the
target presupposition (Sperber and Wilson, 1986).
These are genuine contextual changes, not trivial
additions, and our design allows us to examine how
much such changes actually shift presupposition
judgments in both humans and LLMs.

To reduce fatigue in the longer with-context con-
dition, two mandatory 8-second pauses were in-
serted near the beginning and end of the task. All
items were presented in randomized order, and par-
ticipants completed the task in a single session.

LLM Setup and Prompting We evaluate four
LLMs: GPT-5, Gemini-2.5-flash, Llama-3.1-8B-
Instruct, and Qwen2.5-7B-Instruct. Model ver-
sions, access methods, and generation parameters
are reported in Appendix D, and the full decoding
configuration in Appendix E. Each model receives
the same instructions and stimuli as human partic-
ipants. All models are instruction-tuned versions,
denoted as “IT”. Details are in Appendix F.

Each model is presented with the same 90 items
under both experimental conditions. Models pro-
duce (i) a likelihood judgment on the same 0–7
Likert scale and (ii) an output of CoT reasoning
steps. This yields parallel human and model judg-
ments and corresponding reasoning traces.

3.3 LLM-as-a-Judge Framework

Because presupposition inference relies on prag-
matic reasoning, evaluating final judgments, made
by LLMs, alone is insufficient. We therefore adopt
an LLM-as-a-Judge framework inspired by Lee
et al. (2025b) and Yu et al. (2025), which enables
structured assessment of reasoning quality of the
models using theory-driven criteria.
Checklist Design We design a checklist that
decomposes pragmatic competence into explicit
yes/no questions. Seed questions are created by a
linguistics expert based on theories of presupposi-
tion accommodation, conditional semantics, and
pragmatic reasoning, as well as coherence and con-
sistency criteria (Wang et al., 2020; Fabbri et al.,
2021). These questions are grouped into four di-
mensions: logical accuracy, presupposition han-
dling, pragmatic criteria, and coherence. For the
with-context condition, we add a fifth dimension
that addresses context integration.

Each dimension is further divided into sub-
dimensions targeting specific reasoning behaviors,
based on established work in discourse and dy-
namic semantics, presupposition projection, and
pragmatic reasoning (Grice, 1975; Heim, 1983;
Kamp and Reyle, 1993; Beaver, 2001). Accuracy
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evaluates whether the conditional structure is cor-
rectly interpreted, presupposition handling assesses
identification of presupposition triggers and the
distinction between presupposition and entailment,
pragmatic criteria examine cooperativity, relevance,
and common ground, and coherence evaluates con-
sistency between numerical judgments and stated
reasoning. Table 1 summarizes these dimensions,
their theoretical bases, and representative evalua-
tion criteria.

To expand coverage, we use
Llama-3.1-8B-Instruct to diversify and
augment the seed questions and then further refine
them through manual elaboration. The same model
is used to filter redundant items. All questions
are binary, with “yes” indicating alignment with
theoretical expectations. The final checklist is
reviewed by a linguist to ensure theoretical validity
and non-redundancy.

The resulting checklist contains 59 questions
for the with-context condition (5 dimensions) and
52 questions for the without-context condition (4
dimensions). A sample is provided in the Ap-
pendix G.5 Thus, we define the total criteria space
as:

N = |M |︸︷︷︸
Models

×
(
|Iwc| × |Kwc|︸ ︷︷ ︸

With-Context

+ |Inc| × |Knc|︸ ︷︷ ︸
Without-Context

)

where |M | is the number of models, |Iwc| and |Inc|
are the numbers of items in the with-context and
without-context conditions, respectively, and |Kwc|
and |Knc| are the corresponding numbers of check-
list questions.

Judge Model Configuration Given the scale of
the model checkpoints and the complexity of prag-
matic reasoning tasks, we employ an LLM-as-a-
Judge framework to enable scalable and consistent
evaluation of model reasoning. The judge evaluates
whether each reasoning trace satisfies the pragmatic
constraints specified by the checklist.

We use claude-haiku-4 as the judge model,
based on preliminary experiments indicating strong
performance on the recent fact-checking bench-
mark (Theologitis et al., 2026), while also miti-
gating potential bias arising from shared training
corpora within the same provider. For each evalua-
tion instance, the judge receives an input tuple:

I = (c, s, τ, rCoT)

5The full checklist is available in our GitHub repository.

where c is the discourse context (or ∅ in the without-
context condition), s is the conditional sentence, τ
is the target presupposition, and rCoT is the reason-
ing trace generated by the evaluated model.

Evaluation Procedure A prompt template P
presents (c, s) and instructs models to act as prag-
matic listeners (see Appendix F for the prompts).
Each model first produces an explicit reasoning
trace and then provides a final likelihood judg-
ment. Finally, we deploy the judge model con-
figured in the previous section. For a given model
response r, the judge iterates through the condition-
specific checklist K. For each criterion κj ∈ K,
the judge model J produces a binary decision
J
(
(c, s, τ, r), κj

)
, where 1 indicates that the re-

sponse satisfies the criterion and 0 otherwise. The
final score (S) for that response is computed as the
average compliance across all criteria:

S =
1

|K|

|K|∑

j=1

J
(
(c, s, τ, r), κj

)
, J(·) ∈ {0, 1}

This procedure yields both aggregate performance
metrics and granular, dimension-level diagnostics.
To assess the reliability of this automated evalu-
ation, we conduct a human validation study on a
subset of the judged outputs below.

Human Validation Two PhD students in linguis-
tics independently evaluated a randomly sampled
5% of the outputs (36 items, 1,992 binary judg-
ments), drawn with equal representation across
models and conditions. Inter-annotator agreement
was 89%, (exact match accuracy) and agreement
with the judge model was 79.46%.

4 Experiments and Results

4.1 Norming Results

The norming study results closely matched our in-
tended low, mid, and high probability conditions.
Mean ratings increased monotonically across rele-
vance levels, with low probability items receiving
lower ratings (M = 2.76), mid probability items in-
termediate ratings (M = 4.38), and high probability
items the highest ratings (M = 5.52).

We analyzed the results using a linear mixed-
effects model (Baayen et al., 2008) with expected
probability level (low, mid, high) as a fixed effect
and random intercepts for participants and items.
This approach allows us to account for repeated
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Figure 1: Human mean Likert scores in the main pre-
supposition judgment experiment, across participants
and items as a function of proposition probability (low,
mid, high) and antecedent–presupposition (A− p) rel-
evance (relevant, somewhat relevant, irrelevant). Top:
without-context condition; bottom: with-context condi-
tion. Error bars indicate standard errors.

measurements as well as variability across partici-
pants and items, making it appropriate for our ex-
perimental design. The model showed a significant
effect of probability level, with ratings increasing
from low to mid probability (β = 1.62, p < .001)
and from low to high probability (β = 2.75,
p < .001). These results confirm that the norm-
ing study can successfully be used as the basis for
graded A-p probability, as intended.

4.2 Human Performance

A-p Relevance and Probability We analyzed hu-
man judgments using linear mixed-effects models
with fixed effects of proposition probability (low,
mid, high), A-p relevance (relevant, somewhat rele-
vant, irrelevant), and their interaction, with random
intercepts for participants. Proposition probabil-
ity was treated as a three-level categorical factor
rather than a continuous predictor to preserve align-
ment with the experimental design, in which items
were constructed to instantiate discrete probability
levels, and to facilitate interpretable comparison
across conditions. Full model output, including
the model formula and fit statistics, is reported in
Appendix C (Table 6). Separate models were fit-

Probability Level (0–7)

Model Type Rel. s/w Rel. Irrel.

Closed Source

Gemini-2.5-flash w Context 6.43 6.57 6.87
w/o Context 6.60 6.53 6.93

GPT-5 w Context 5.43 5.87 6.17
w/o Context 5.83 5.93 6.53

Open Source

Llama3.1-8B-IT w Context 5.07 4.70 4.30
w/o Context 5.60 4.83 5.17

Qwen2.5-7B-IT w Context 6.00 5.80 5.73
w/o Context 6.37 6.20 6.03

Table 2: Mean likelihood ratings (0–7 scale) pro-
duced by each model across A-p relevance (relevant,
somewhat relevant, irrelevant) under with-context and
without-context prompting conditions. Shaded rows
indicate the with-context condition. IT abbreviates In-
struct.

ted for the without-context and with-context condi-
tions. Figure 1 summarizes the resulting response
patterns. In the without-context condition, items
with high proposition probability and high A-p rel-
evance (e.g., having a smartphone in If Alex is
a college student, he will use his smartphone to
take notes) received the highest ratings (M ≈ 5.34).
Low-probability items (e.g., having a Rolex) were
rated significantly lower, while mid-probability
items (e.g., having a brother) were not reliably
distinguished from high-probability ones. Simi-
larly, items with irrelevant antecedents (e.g., lik-
ing coffee (A) and having a wetsuit (p)) received
substantially lower ratings, whereas somewhat rel-
evant items (e.g., liking swimming and having a
wetsuit) were treated similarly to highly relevant
ones. A significant interaction showed that low
and mid probability led to especially strong penal-
ties when A and p were irrelevant (low × irrele-
vant: β = −0.73, z = −5.47, p < .001; mid ×
irrelevant: β = −0.57, z = −4.61, p < .001;
see Table 6). This indicates that participants com-
bined probability and relevance in a non-additive
manner, consistent with probabilistic accounts that
predict interactive effects between antecedent rele-
vance and prior likelihood. Notably, when A and p
were irrelevant, ratings tracked proposition proba-
bility closely, suggesting that participants fell back
on prior likelihood in the absence of a meaning-
ful antecedent-presupposition relation. In contrast,
even partial A − p relevance produced a marked
boost in ratings, indicating that the relevance cue
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Figure 2: Mean Likert scores for human participants
and each LLM in the main presupposition judgment
experiment, as a function of proposition probability
(low, mid, high) and A − p relevance, under without-
context (top) and with-context (bottom) conditions.

acts less as a graded scalar and more as a threshold.

In the with-context condition, baseline ratings
for highly probable and highly relevant items re-
mained similar (M ≈ 5.38), indicating no over-
all shift in response levels. However, participants
used both cues more consistently. Low probability
propositions showed a stronger decrease in ratings,
and both somewhat relevant and irrelevant items
were rated significantly lower than highly relevant
ones. This suggests that contextual information
encouraged more graded integration of probability
and relevance.

Context vs. No-Context Effects Across both con-
ditions, baseline judgments for highly probable and
highly relevant items are nearly identical, suggest-
ing that minimal context does not affect default in-
terpretations in clear cases. However, context mod-
ulates how participants use probability and rele-
vance cues. Without context, participants primarily
distinguish between relevant and irrelevant items,
with irrelevant A–p relations acting as a strong
gating factor and probability playing a relatively
modest role. In contrast, with context, participants
show a more differentiated use of both cues, con-
sistent with the interaction effects observed in the
mixed-effects analysis. For illustration, consider
the item If Jack is a scuba diver, he will bring his
wetsuit, which exemplifies the overall pattern vis-
ible in Figure 1. Statistical conclusions are based
on the full model reported above.

4.3 Human-LLM Comparison

We assessed the alignment between human and
model judgments using Spearman rank correlations
and mean absolute error (MAE). Table 2 summa-
rizes the average model ratings across A-p rele-
vance and context conditions. Figure 2 provides a
visual comparison of human and model responses
across probability levels under both contextual con-
ditions. At the item level, models differed sub-
stantially in their degree of alignment with human
judgments. Qwen-2.5-7B-IT showed the strongest
and most reliable correlations in both conditions
(without context: ρ = 0.25, p = .016; with con-
text: ρ = 0.38, p < .001), very close to the
human’s ranking of items. Llama3.1-8B-Instruct
also showed consistent moderate alignment (with-
out context: ρ = 0.21, p = .047; with context:
ρ = 0.30, p = .004). In contrast, Gemini-2.5-flash
showed meaningful alignment only when context
was provided (ρ = 0.26, p = .013). GPT-5 did
not show significant overall correlations in either
condition.

These patterns were mirrored in the MAE re-
sults (Figure 3). Llama3.1-8B-Instruct achieved
the lowest overall error (MAE = 1.14), followed by
Qwen2.5-7B-IT (1.32) and GPT-5 (1.34), whereas
Gemini-2.5-flash showed the largest deviation from
human judgments (1.90). For GPT-5 and Qwen2.5-
7B-IT, MAE was slightly lower in the with-context
condition, and Llama3.1-8B-Instruct and Gemini-
2.5-flash showed comparable error levels across
conditions. Overall, Qwen2.5-7B-IT and Llama3.1-
8B-Instruct demonstrated the strongest and most
reliable correspondence with human presupposi-
tion judgments based on Likert scale. Gemini-
2.5-flash’s performance depended on contextual
information, and GPT-5 showed limited alignment
across conditions.

To examine whether these quantitative patterns
are reflected in the models’ reasoning, we next
used the LLM-as-a-Judge framework to evaluate
whether their reasoning steps are consistent with
the scores they assigned on the Likert scale.

4.4 Reasoning Analysis

To examine whether model explanations align with
their assigned Likert scores, we analyze checklist-
based evaluation results produced by the LLM-as-
a-Judge framework. The breakdown of reasoning
scores is presented in Table 3.
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Proprietary Models Open-source Models

Gemini-2.5-flash GPT-5 Llama3.1-8B-IT Qwen2.5-7B-IT

Category With Ctx (%) ∆ With Ctx (%) ∆ With Ctx (%) ∆ With Ctx (%) ∆

Accuracy 61.39 ↓ 6.39 60.74 ↓ 2.50 16.67 ↓ 13.98 22.96 ↓ 13.80
Coherence 69.41 ↑ 5.30 75.11 ↑ 4.56 62.81 ↑ 6.15 58.74 ↑ 5.63
Pragmatic 82.84 ↓ 5.63 78.89 ↓ 3.19 54.94 ↑ 5.63 56.42 ↓ 3.86
Presupposition 61.11 ↓ 12.93 71.02 ↑ 0.51 49.35 ↓ 8.32 42.04 ↓ 15.44
Context Util. 30.10 – 28.18 – 14.75 – 12.42 –
TOTAL 60.81 ↓ 11.79 63.18 ↓ 7.47 40.53 ↓ 7.36 39.08 ↓ 11.82

Table 3: The ∆ columns indicate the performance gap relative to the Without Context condition (Green ↑ indicates
With Context scored higher; Red ↓ indicates With Context scored lower). IT abbreviates Instruct.
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Figure 3: Human-LLM alignment measured using
Spearman’s rank correlation (ρ) and mean absolute error
(MAE) under with-context and without-context condi-
tions. Higher Spearman values and lower MAE indicate
closer alignment between model predictions and human
mean Likert scores.

Stronger Theoretical Alignment in Larger
Instruction-Tuned Models Across evaluation
dimensions, larger and more heavily instruction-
tuned models in our comparison (Gemini-2.5-flash
and GPT-5) achieve higher checklist compliance
than smaller open-source models. In the with-
context condition, proprietary models achieve to-
tal scores above 60%, while open-source models
remain near 40%. This gap is particularly pro-
nounced in the Accuracy and Presupposition di-
mensions.

These results align with scaling-law observations
(Ruan et al., 2024) and the effects of instruction
tuning (Jiang et al., 2024). Larger instruction-tuned
models appear better at maintaining structured rea-
soning and tracking presuppositional dependencies
across multi-step explanations. Nevertheless, even
these models exhibit limitations in graded presup-

position reasoning. For instance, GPT-5 assigns
the same Likert rating (6) to both If Jack is a scuba
diver, he’ll bring his wetsuit and If Sara likes cof-
fee, she’ll bring her wetsuit. In its explanation,
the model emphasizes the possessive trigger (“his
wetsuit”) and general ownership knowledge with-
out evaluating whether the antecedent increases
Pr(p | A, c) relative to Pr(p | c). This pattern
suggests reliance on lexical cues rather than gen-
uine sensitivity to presupposition relevance.

Context Improves Checklist Performance Pro-
viding minimal identifying context generally in-
creases checklist compliance. In particular, Llama-
3.1-8B-IT and Qwen2.5-7B-IT show notable gains
in the Accuracy and Presupposition dimensions un-
der the with-context condition. Proprietary models
also benefit in some dimensions, although improve-
ments are more modest.

This trend aligns with prior work (Lee et al.,
2025a), which finds that abstract context and world
knowledge do not shift baseline interpretations but
increase sensitivity to probabilistic structure. For
models, however, context often introduces reason-
ing noise, as attempts to incorporate contextual
details frequently fail to align consistently with
conditional semantics, leading to reduced coher-
ence compliance.

Dissociation Between Theoretical Reasoning
and Probabilistic Presupposition We observe
a clear dissociation between behavioral align-
ment (Likert ratings) and explicit reasoning quality
(checklist compliance). As shown in Table 2 and
Figure 3, Qwen2.5-7B-IT is most closely aligned
with human Likert ratings across all conditions.
However, the reasoning results in Table 3 reveal a
paradox: Qwen2.5-7B-IT shows the lowest average
compliance with our theory-informed checklist.

This pattern suggests that smaller models ap-
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proximate human-like response distributions by re-
lying on surface-level lexical associations and dis-
tributional world knowledge, without consistently
implementing the formal pragmatic constraints un-
derlying the proviso problem. In contrast, propri-
etary models generate more structured and theory-
consistent reasoning steps, yet their final Likert
ratings deviate more from human judgments. We
interpret this dissociation as suggesting that behav-
ioral similarity does not necessarily reflect stable
pragmatic competence. High alignment in ratings
may arise from probabilistic pattern matching over
training data, rather than explicit modeling of rel-
evance relations between antecedent and presup-
position. At the same time, we acknowledge that
checklist compliance may partly reflect verbaliza-
tion quality rather than reasoning depth, given evi-
dence that chain-of-thought traces can function as
post-hoc rationalizations in instruction-tuned mod-
els (Turpin et al., 2023). The dissociation is there-
fore consistent with either a genuine competence
gap in smaller models or a verbalization advantage
in larger ones, and disentangling these interpreta-
tions is an important direction for future work.

5 Conclusion

This study presents an empirical comparison of
human and LLM presupposition judgments in con-
ditional sentences grounded in pragmatic theory.
Using a norming study and parallel behavioral ex-
periments, we show that human presupposition
judgments are guided by intra-sentential relation-
ships (e.g., between antecedent and presupposi-
tion), proposition probability, and contextual infor-
mation. In contrast, LLMs show varying degrees of
alignment, with Qwen2.5-7B-IT closest to human
patterns, but generally struggle with graded pre-
supposition accommodation. Our LLM-as-a-Judge
analysis reveals a dissociation between behavioral
alignment and reasoning quality. Models that best
match human ratings often fail to satisfy theory-
derived pragmatic criteria, while models that better
meet theoretical standards produce less human-like
judgments. This suggests that current performance
may reflect surface-level pattern matching rather
than stable pragmatic understanding.

Future work should extend this framework to ad-
ditional presupposition triggers and more complex
constructions. Theory-driven evaluation remains
crucial for characterizing semantic and pragmatic
reasoning in language models and improving hu-

man–model alignment.

Limitations

Our study focuses on conditional sentences of a
specific structural form (If A,Bp) and investigates
presupposition projection through possessive pro-
noun triggers (e.g., his, her, their). We focus on
possessive pronouns because they introduce sim-
ple existential presuppositions that are well studied
in the projection literature (e.g. Karttunen 1973,
Heim 1983) and allow controlled testing of the A-p
relevance without additional lexical confounding.
As a result, our findings may not generalize to other
types of conditionals, presupposition triggers (e.g.,
factives, change-of-state verbs), or more complex
embedding environments.

Moreover, our human data is collected from En-
glish speaking participants in a limited set of coun-
tries, which may restrict cross-linguistic and cross-
cultural generalizability. Although we validated a
subset of the LLM-as-a-Judge outputs with human
annotators due to practical cost considerations, fu-
ture work could expand this validation to additional
samples to further support and refine the evaluation
framework.

Finally, the LLM-as-a-Judge checklist op-
erationalizes pragmatic competence through
satisfaction-theoretic principles, which may
not fully capture the heuristic and probabilistic
nature of human presupposition accommodation.
The observed dissociation between behavioral
alignment and checklist compliance is therefore
potentially ambiguous: it may reflect a genuine
competence gap in models, or it may reflect a
mismatch between the formal criteria encoded
in the checklist and the cognitive processes that
actually drive human judgments. Future work
could complement theory-driven evaluation
with process-level measures to disentangle these
interpretations.
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A Human Study Materials

A.1 Norming

The norming study included 30 native English
speakers (18 men, 12 women), aged between 25
and over 65. Participants were primarily based in
the United States (n = 22), with other participants
from the United Kingdom (n = 4) and Canada
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(n = 4). Educational backgrounds ranged from
high school to graduate degrees.

Participants were recruited through an online
platform (Prolific) and were required to be native
or near-native English speakers who were raised
speaking English from birth. Eligibility criteria
included current residence in the United States,
the United Kingdom, or Canada, age between 18
and 99, and a high prior approval rate on Pro-
lific (95–100%). Participants were screened for
language background, nationality, and country of
birth to ensure alignment with the target popula-
tion. Individuals reporting a history of neurologi-
cal, cognitive, or language-related conditions were
excluded. All participants completed the study in
a single session and received monetary compen-
sation at an hourly rate of £12. All participants
provided informed consent electronically, on the
platform, prior to participation and were informed
that their anonymized responses would be used for
research purposes. The same recruitment require-
ments, screening criteria, and consent procedures
are applied in the main experiment. The study
protocol for both norming and presupposition judg-
ment task is approved by the institutional Research
Ethics Board.

In this task, participants rated 120 short sen-
tences on a 0–7 Likert scale (0 = very unlikely,
7 = very likely) indicating how likely each state-
ment was to be true in the real world. Two atten-
tion checks were included. The sentences varied
in expected likelihood. For example, a baseline
item asked, How likely is it that someone chosen
at random from your hometown has a stamp col-
lection?, High-probability items added a strongly
relevant modifier (e.g., “someone who is interested
in postal history”), mid-probability items included
a moderately relevant modifier (e.g., “a retired post-
man”), and low-probability items included an unre-
lated modifier (e.g., “someone who is vegetarian”).
The expected completion time was approximately
35–40 minutes the task was designed to be finished
in one sitting (median completion time: 26.8 min-
utes).

A.2 Main Presupposition Judgment Study
The main study consisted of two independent
groups corresponding to the with-context and
without-context conditions. Different participants
were recruited for each condition to avoid carryover
effects. In total, data from 128 participants were
collected. After excluding eight participants who

failed attention checks, data from 120 participants
(60 per condition) were retained for analysis. The
final sample consisted of 55 women, 64 men, and
one non-binary participant, residing in the United
States (n = 73), the United Kingdom (n = 29),
and Canada (n = 18), aged between 25 and over
65. Educational backgrounds ranged from high
school to graduate degrees.

Participants completed 90 items, each consist-
ing of a conditional statement and a corresponding
target statement, and rated the likelihood of the
target statement on a 0–7 Likert scale. In the with-
context condition, participants were additionally
provided with brief identifying background infor-
mation about the individual described in each item.

The median completion time was 23.5 minutes
for the with-context condition and 19.9 minutes for
the without-context condition.

Participants were compensated at an hourly rate
of approximately £10. To reduce fatigue and cog-
nitive load, two mandatory 8-second pauses were
included in the with-context study.

Since human participants and LLMs received
largely identical instructions, except that LLMs
were additionally asked to provide step-by-step
reasoning, we do not reproduce them here. The
full instructions and prompts are reported in the
following section of the Appendix.

B Example Stimuli

This section presents representative examples of
stimuli used in the norming study and the main pre-
supposition judgment experiment. All stimuli were
presented in randomized order during the experi-
ments, and probability and A-p relevance labels are
shown here for explanatory purposes only.

B.1 Norming Study Items

The norming study was conducted to elicit high-,
mid-, and low-probability propositions and to con-
firm, through human judgments, that these propo-
sitions exhibit the intended probability levels in
real-world contexts. Table 4 presents representa-
tive examples from the norming study. Each item
consists of a baseline condition and three condi-
tional variants corresponding to high, mid, and low
probability levels. The resulting ratings were used
to construct the stimulus set for the main presuppo-
sition judgment experiment.
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Condition Item

Low-Probability Example: Stamp Collection

Scenario Someone from your hometown / having a stamp collection
Baseline How likely is it that someone chosen at random from your hometown has a stamp collection?
High How likely is it that someone chosen at random from your hometown who is interested in postal

history has a stamp collection?
Mid How likely is it that someone chosen at random from your hometown who is a retired postman has a

stamp collection?
Low How likely is it that someone chosen at random from your hometown who is vegetarian has a stamp

collection?

Mid-Probability Example: Having Grandchildren

Scenario Someone from your neighborhood / having grandchildren
Baseline How likely is it that someone chosen at random from your neighborhood has grandchildren?
High How likely is it that someone chosen at random from your neighborhood who has adult children has

grandchildren?
Mid How likely is it that someone chosen at random from your neighborhood who is over 60 has

grandchildren?
Low How likely is it that someone chosen at random from your neighborhood who is left-handed has

grandchildren?

High-Probability Example: Credit Cards

Scenario Someone at a coffee shop / having credit cards
Baseline How likely is it that someone chosen at random at a coffee shop has credit cards?
High How likely is it that someone chosen at random at a coffee shop who travels frequently has credit

cards?
Mid How likely is it that someone chosen at random at a coffee shop who works full-time has credit

cards?
Low How likely is it that someone chosen at random at a coffee shop who drinks tea has credit cards?

Table 4: Representative examples from the norming study showing baseline and high-, mid-, and low-relevance
conditions for the propositions.

B.2 Main Presupposition Judgment Items
The main presupposition judgment task is designed
to investigate how participants integrate antecedent-
presupposition relevance and contextual informa-
tion when interpreting conditional sentences. Each
item consists of a background description, a condi-
tional statement, and a target presupposition, and
is presented under either with-context or without-
context conditions. Table 5 presents representative
examples of the experimental stimuli.

C Linear Mixed-Effects Model Results

Table 6 reports the full fixed-effects output for the
linear mixed-effects models fitted to human presup-
position judgments in the with-context and without-
context conditions, respectively. Both models were
specified as follows:

rating ∼ probability×relevance+(1 | participant)

In this specification, probability (low, mid, high)
and A − p relevance (irrelevant, somewhat rele-

vant, relevant) were treatment-coded factors, with
high probability and relevant as the reference lev-
els. Random intercepts were included for par-
ticipants. Models were fit by restricted maxi-
mum likelihood (REML) using the MixedLM imple-
mentation in statsmodels. The without-context
model included 5,400 observations from 60 partici-
pants (log-likelihood = −10018.32, residual scale
= 2.29). The with-context model included 5,400
observations from 60 participants (log-likelihood
= −10240.25, residual scale = 2.48).

D Model Sources and Computational
Cost

The models evaluated in this paper are obtained
from the following sources:

1. GPT-5 is provided by OpenAI. The cor-
responding API documentation is avail-
able at https://platform.openai.com/
docs/models.

2. Gemini-2.5-flash is provided by Google
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Background Statement 1 (Conditional) Target

having an Instagram account (High-Probability Example)

Alex works at the airport in your town. Rel: If Alex uses social media, he will post a photo to his
Instagram account.

Alex has an Instagram
account.

Maya works at the airport in your town. S-Rel: If Maya is over 50, she will check her Instagram
account.

Maya has an Instagram
account.

Daniel works at the airport in your
town.

Irrel: If Daniel wears blue, he will log out of his Instagram
account.

Daniel has an Instagram
account.

having a brother (Mid-Probability Example)

John works out at the downtown gym. Rel: If John has siblings, he will call his brother on the
weekend.

John has a brother.

Nadine works out at the downtown
gym.

S-Rel: If Nadine has a large family, she will invite her
brother.

Nadine has a brother.

Nick works out at the downtown gym. Irrel: If Nick is left-handed, he will teach his brother
mathematics.

Nick has a brother.

Having a Wetsuit (Low-Probability Example)

Jack is from Ottawa. Rel: If Jack is a scuba diver, he will bring his wetsuit. Jack has a wetsuit.
Tim is from Ottawa. S-Rel: If Tim likes swimming, he will pack his wetsuit. Tim has a wetsuit.
Sara is from Ottawa. Irrel: If Sara likes coffee, she will forget her wetsuit. Sara has a wetsuit.

Table 5: Representative examples from the main presupposition judgment task. Each item consists of a background
description, a conditional statement, and a target presupposition. Background information was provided only in the
with-context condition and omitted in the without-context condition. Probability-level labels were used for analysis
and were not shown to participants. The labels Rel, S-Rel, and Irrel indicate levels of antecedent–presupposition
relevance (relevant, somewhat relevant, and irrelevant) and were not shown to the participants.

Gemini, with API documentation available
at https://ai.google.dev/gemini-api/
docs.

3. Claude-haiku-4 is provided by An-
thropic. The corresponding API
documentation is available at https:
//platform.claude.com/docs/en/intro.

4. Qwen2.5-7B-Instruct6 and Llama3.1-8B-
Instruct7 are open-source base model weights
obtained from Hugging Face (https://
huggingface.co/).

For large proprietary models (e.g., GPT-5 and
Gemini-2.5-Flash), a single run on 360 samples
costs approximately $14 CAD for explanation gen-
eration. For the judge model, Claude-Haiku-4, eval-
uating approximately 40,000 checklist items costs
around $55 CAD. All open-source model evalua-
tions are conducted on a system equipped with two
NVIDIA RTX 4090 GPUs (32 GB memory each).
Overall, the modest computational requirements

6https://huggingface.co/Qwen/Qwen2.
5-7B-Instruct

7https://huggingface.co/meta-llama/Llama-3.
1-8B-Instruct

demonstrate that the proposed evaluation protocol
is accessible to researchers with limited computa-
tional resources, while still enabling a comprehen-
sive assessment of state-of-the-art models.

E Inference and Decoding Configuration

All four evaluated LLMs produce a single response
per item; no self-consistency or re-sampling is
used.

Open-source Models (Llama-3.1-8B-Instruct,
Qwen2.5-7B-Instruct). Run locally with
HuggingFace transformers in bfloat16
via AutoModelForCausalLM.generate
(do_sample=True, temperature= 0.7,
top_p= 0.9, max_new_tokens= 1024; top_k
and repetition_penalty left at library defaults
of 50 and 1.0). Prompts use the tokenizer’s chat
template, are truncated to 4,096 input tokens,
and generation stops on the model’s default
eos_token_id; no custom stop strings are set.

Closed-source Models (GPT-5, Gemini-
2.5-Flash). Accessed through the of-
ficial OpenAI and Google Generative
APIs (chat.completions.create and

465

https://ai.google.dev/gemini-api/docs
https://ai.google.dev/gemini-api/docs
https://platform.claude.com/docs/en/intro
https://platform.claude.com/docs/en/intro
https://huggingface.co/
https://huggingface.co/
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct


(A) With-context condition

Predictor β SE z p 95% CI

Intercept 5.377 0.159 33.82 < .001 [5.065, 5.689]
Probability: low −0.977 0.099 −9.89 < .001 [−1.171, −0.783]
Probability: mid −0.046 0.091 −0.51 .612 [−0.225, 0.133]
Relevance: irrelevant −0.377 0.102 −3.71 < .001 [−0.576, −0.178]
Relevance: somewhat relevant −0.258 0.102 −2.54 .011 [−0.458, −0.059]
Prob.: low × Rel.: irrelevant −0.310 0.140 −2.22 .027 [−0.584, −0.036]
Prob.: mid × Rel.: irrelevant −0.493 0.129 −3.82 < .001 [−0.747, −0.240]
Prob.: low × Rel.: somewhat relevant 0.399 0.140 2.86 .004 [0.125, 0.673]
Prob.: mid × Rel.: somewhat relevant 0.107 0.129 0.83 .407 [−0.146, 0.360]

Random intercept variance (Participant) 1.206 0.145 —

(B) Without-context condition

Predictor β SE z p 95% CI

Intercept 5.340 0.141 37.99 < .001 [5.064, 5.615]
Probability: low −0.347 0.095 −3.66 < .001 [−0.533, −0.161]
Probability: mid 0.090 0.088 1.02 .306 [−0.082, 0.262]
Relevance: irrelevant −0.356 0.098 −3.65 < .001 [−0.548, −0.165]
Relevance: somewhat relevant −0.065 0.098 −0.66 .509 [−0.256, 0.127]
Prob.: low × Rel.: irrelevant −0.734 0.134 −5.47 < .001 [−0.998, −0.471]
Prob.: mid × Rel.: irrelevant −0.572 0.124 −4.61 < .001 [−0.815, −0.329]
Prob.: low × Rel.: somewhat relevant −0.224 0.134 −1.67 .095 [−0.487, 0.039]
Prob.: mid × Rel.: somewhat relevant −0.192 0.124 −1.55 .122 [−0.435, 0.052]

Random intercept variance (Participant) 0.899 0.113 —

Table 6: Linear mixed-effects model results for human presupposition judgments. (A) With-context condition.
(B) Without-context condition. Reference levels: Probability = high, Relevance = relevant. Models were fit using
REML; each includes 5,400 observations from 60 participants.

GenerativeModel.generate_content, respec-
tively). temperature and max_(output_)tokens
are set with the same parameter as open-source
LMs, matching the condition a typical downstream
user encounters.

Judge Model (Claude-Haiku-4-5). Called via
the Anthropic APIs (messages.create) with
max_tokens= 100 to accommodate the binary
True/False; all other sampling parameters use An-
thropic defaults. We release all raw generations
and judge decisions alongside the code.

F Prompt Design

This section documents the prompt templates used
for eliciting likelihood judgments and reasoning
from LLMs, as well as the prompts used in the
LLM-as-a-Judge evaluation. All task prompts were
designed to closely parallel the instructions pro-
vided to human participants, with the additional
requirement that models produce explicit step-by-
step reasoning prior to reporting a final numerical
rating.

Figure 4 presents the system prompts used in

the without-context and with-context conditions of
the main presupposition judgment task. In both
conditions, models were instructed to interpret the
speaker as honest and cooperative, to consider rele-
vant background knowledge, and to provide a likeli-
hood rating on a 0–7 Likert scale. The with-context
prompt also included identifying background infor-
mation, parallel to the corresponding human condi-
tion.

We use a separate set of prompts for the LLM-
as-a-Judge framework. Figure 5 shows the eval-
uation prompts used in the without-context and
with-context conditions. These prompts present the
judge model with the original stimulus, the eval-
uated model’s response, and a checklist question,
and require a binary judgment indicating whether
the response satisfies the specified criterion.

All prompt templates were held constant across
models and experimental conditions, except for
condition-specific contextual information.
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G LLM-as-a-Judge Checklist

This section presents representative examples from
the theory-informed checklist used in the LLM-as-
a-Judge evaluation. The checklist consists of bi-
nary (yes/no) questions designed to assess whether
model-generated reasoning aligns with established
principles from formal semantics and pragmatics.
The questions are organized into multiple dimen-
sions and sub-dimensions targeting distinct aspects
of conditional interpretation and presupposition
handling. Table 7 provides a sample of the evalua-
tion criteria.
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Dimension Sub-Dimension Sample Question

Accuracy
Trigger Identification Does the model correctly identify the presupposition

trigger in the consequent?
Anaphora Resolution Does the model distinguish possessive triggers from non-

trigger pronouns?
Conditional Scope Does the model correctly identify the scope of the con-

ditional over the consequent?

Context Contextual Influence Does the model avoid using identifying context in its
judgment?

Presupposition–Context
Distinction

Does the model distinguish between the presupposition
and other contextual features?

Pragmatic
Speaker Cooperativity Does the model consider the speaker’s communicative

intentions?
Common Ground Does the model use shared background knowledge in

interpretation?
Relevance Does the model assess relevance between antecedent and

presupposition?

Presupposition
Handling

Projection Does the model correctly project triggers under condi-
tional embedding?

Inference Validity Does the model account for the fact that the inference
may be invalid if the presupposition is false?

Coherence
Reasoning Alignment Does the numerical rating align with the reasoning pro-

cess?
Evidence Use Does the model justify its judgment using available evi-

dence?
Transparency Is the reasoning process clearly articulated and inter-

pretable?

Table 7: Representative sample of checklist questions indicating major dimensions and sub-dimensions used in the
evaluation.
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Without-Context Condition Prompt

In each item, you will be given a statement made by a speaker about a person.
Assume that the speaker is honest, reliable, and helpful, and that you share
relevant background assumptions with them.

After reading the statement, you will be asked to judge how likely a second
statement is to be true about that person.

Please respond using a scale from 0 (very unlikely) to 7 (very likely).

Please think step by step before giving your final rating. Consider:
1. What does the speaker's conditional statement imply about the subject?
2. What background assumptions or world knowledge are relevant?
3. How does the conditional relationship affect the likelihood of the target statement?

After your reasoning, provide your final answer in the format:
"Final Rating: [0--7]"

---

Speaker's statement: {statement_1}

Question: How likely is it that the following statement is true?

Statement: {statement_2}

With-Context Condition Prompt

In this task, imagine you are participating in a get-to-know-people activity.
Suppose that there are a bunch of cards with names on them, along with a small
identifying detail about the person (e.g., where the person is from). This
information is provided only to identify which person is being talked about.

Suppose that someone is tasked with selecting a card at random, and then --
depending on who the card identifies -- they have to say something they know
about that person. Assume that the speaker is honest, reliable, and helpful,
and that you share relevant background assumptions with them.

You will then be asked to judge how likely a second statement is to be true on
the assumption that what the speaker said is true. Please respond using a scale
from 0 (very unlikely) to 7 (very likely).

Please think step by step before giving your final rating. Consider:
1. What does the speaker's conditional statement imply about the subject?
2. What background assumptions or world knowledge are relevant?
3. How does the conditional relationship affect the likelihood of the target statement?

After your reasoning, provide your final answer in the format:
"Final Rating: [0--7]"

---

background: {background}

Speaker's statement: {statement_1}

Question: How likely is it that the following statement is true?

Statement: {statement_2}

Figure 4: System prompts used for likelihood judgment in the without-context and with-context conditions. The
instruction to provide step-by-step reasoning was used only in the LLM study and was not included in the human
evaluation.
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LLM-as-a-Judge Prompt (Without-Context Condition)

You are an expert evaluator assessing how well a model reasons about the
likelihood that a presupposition (the target statement) in a conditional
of the form If A, then B, where B contains a presupposition trigger, is true,
using a 0--7 Likert scale.

Given the following information:
- Title: {title}
- Statement 1 (Conditional): {statement_1}
- Statement 2 (Target): {statement_2}
- Model Response: {response}

Evaluate the model's response against the following checklist question:
{checklist_question}

Based on your evaluation, respond with only "True" if the model's response
satisfies the checklist criterion, or "False" if it does not.

Your answer (True/False):

LLM-as-a-Judge Prompt (With-Context Condition)

You are an expert evaluator assessing how well a model reasons about the
likelihood that a presupposition (the target statement) in a conditional
of the form If A, then B, where B contains a presupposition trigger, is true,
using a 0--7 Likert scale.

Given the following information:
- Title: {title}
- Background: {background}
- Statement 1 (Conditional): {statement_1}
- Statement 2 (Target): {statement_2}
- Model Response: {response}

Evaluate the model's response against the following checklist question:
{checklist_question}

Based on your evaluation, respond with only "True" if the model's response
satisfies the checklist criterion, or "False" if it does not.
# DO NOT OUTPUT Judging response, only TRUE/FALSE.

Your answer (True/False):

Figure 5: System prompts used by the LLM-as-a-judge model for checklist-based evaluation in the without-context
and with-context conditions.

470


