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Abstract

Conditional acceptability refers to how plausi-
ble a conditional statement is perceived to be.
It plays an important role in communication
and reasoning, as it influences how individuals
interpret implications, assess arguments, and
make decisions based on hypothetical scenar-
i0s. When humans evaluate how acceptable a
conditional “If A, then B” is, their judgments
are influenced by two main factors: the con-
ditional probability of B given A, and the se-
mantic relevance of the antecedent A given the
consequent B (i.e., whether A meaningfully
supports B). While prior work has examined
how large language models (LLMs) draw infer-
ences about conditional statements, it remains
unclear how these models judge the acceptabil-
ity of such statements. To address this gap, we
present a comprehensive study of LLMs’ condi-
tional acceptability judgments across different
model families, sizes, and prompting strate-
gies. Using linear mixed-effects models and
ANOVA tests, we find that models are sensitive
to both conditional probability and semantic
relevance—though to varying degrees depend-
ing on architecture and prompting style. A
comparison with human data reveals that while
LLMs incorporate probabilistic and semantic
cues, they do so less consistently than humans.
Notably, larger models do not necessarily align
more closely with human judgments.

1 Introduction

Conditional statements of the form “If A, then B”
are fundamental to how humans make predictions,
draw conclusions, and offer explanations (Byrne,
2007; Evans and Over, 2004; Douven, 2015). As
such, they play a central role in human commu-
nication, reasoning, and decision-making. Under-
standing the conditions under which humans judge
conditional statements as acceptable or plausible
sheds light on the principles that underlie everyday

“Equal contribution.

If Mark pulls the plug on
his TV, then it will be
turned off.

If Mark is wearing
socks, then his TV will
be working.

P(TV off | pull plug) = high P(TV working | socks) = high

pull plug C:> TV off socks ;532 TV working

left: 80/100,
right: 20/100 '
O o

Figure 1: Illustration of two conditionals with equally
high conditional probabilities but differing evidential
relevance. While both are probable, only the left one
encodes a plausible causal or evidential link between
antecedent and consequent, appearing more acceptable.

language use, from casual conversation to scien-
tific explanations. Consider the following example,
drawn from Skovgaard-Olsen et al. (2016):

(1) If Mark pulls the plug on his TV, then it will be
turned off.

(1) If Mark is wearing socks, then his TV will be
working.

While both sentences are grammatically sound,
the second appears less acceptable: it is unlikely
that Mark wearing socks has any effect on whether
his TV is working. This notion of acceptability,
or how appropriate a conditional statement seems
in a given context, is often judged intuitively by
humans (Douven and Verbrugge, 2012; Skovgaard-
Olsen et al., 2016). Two main hypotheses aim to
explain such intuitions. The conditional proba-
bility hypothesis holds that acceptability depends
primarily on the conditional probability of B given
A (Evans et al., 2003; Over et al., 2007). By this ac-
count, both conditionals above might be judged ac-
ceptable, as the probability of the TV being turned

405

Proceedings of the 19th Conference of the European Chapter of the Association for Computational Linguistics
Volume 1: Long Papers, pages 405-427
March 24-29, 2026 ©2026 Association for Computational Linguistics



off given that the plug has been pulled, and the
probability of the TV working given that Mark
is wearing socks, are both high. In contrast, the
evidentiality hypothesis emphasizes an additional
influence of relevance or evidential connection en-
coded within the statement (Douven and Verbrugge,
2012; Skovgaard-Olsen et al., 2016). From this
perspective, (i) is acceptable because pulling the
plug is causally connected to the TV turning off,
whereas (ii) is not, because wearing socks lacks
such a connection. LLMs have demonstrated no-
table capabilities across diverse linguistic and cog-
nitive tasks, including general reasoning (Hao et al.,
2024; Mondorf and Plank, 2024a), linguistic infer-
ence (Clark et al., 2020), and causal reasoning (Det-
tki et al., 2025; Yu et al., 2024). However, despite
increasing work on LLM reasoning, research on
conditional acceptability judgments in LLMs re-
mains virtually nonexistent. Most existing studies
on LLMs and conditional statements focus on their
causal, abductive, or inferential capabilities (Dettki
et al., 2025; Holliday et al., 2024; Liu et al., 2023;
Mondorf and Plank, 2024b), rather than on whether
conditionals are judged contextually acceptable.

We address this gap by conducting a targeted in-
vestigation of conditional acceptability judgments
in LLMs. Building on prior work from cognitive
psychology (Skovgaard-Olsen et al., 2016), we as-
sess the acceptability judgments of two model fam-
ilies: Llama 3.1 (8B and 70B) and Qwen 2.5 (7B
and 72B), and examine how their judgments vary
as a function of both the conditional probability
and the evidential connection encoded within a
statement. Our findings reveal that:

* Acceptability judgments of models are influ-
enced by both conditional probability and se-
mantic relation, though the strength and con-
sistency of this effect vary substantially by
model family, size, and prompting technique.

* Comparison with human data suggests that
while the overall trends in LLM judgments
broadly resemble those of humans, LLMs
show greater variability across prompts and
model sizes and a less systematic integration
of probabilistic and semantic cues.

 Larger model size does not necessarily lead to
more alignment with human trends, and while
few-shot prompting can enhance LLMs’ sensi-
tivity to semantic relevance, it may introduce
bias toward specific semantic relations.

2 Background

2.1 Conditional Acceptability

The key concept of this study is conditional ac-
ceptability: the degree to which a conditional state-
ment is perceived to be appropriate, plausible, or
natural in context (Skovgaard-Olsen et al., 2016).
While often associated with conditional probabil-
ity P(B | A), such as proposed by the conditional
probability hypothesis (Evans et al., 2003; Oaks-
ford and Chater, 2003; Over et al., 2007), the two
can diverge significantly in practice. Take, for
instance, the statement from the introduction: If
Mark is wearing socks (A), then his TV will be
working (B). This may be judged unacceptable
or odd, even when both P(A) and P(B) are high,
and even when P(B | A) is high. The issue lies
not in probability, but in the perceived irrelevance
of A to B. The statement violates intuitive no-
tions of coherence or causality: wearing socks
does not cause the TV to function, nor would not
wearing them affect the outcome. As such, the
distinction reflects the broader gap between cor-
relation and causation (Barrowman, 2014). This
disconnect has prompted extensive psychological
research on how humans evaluate conditional state-
ments (e.g., Douven, 2015; Evans and Over, 2004;
Hardman and Macchi, 2003), suggesting that indi-
viduals often rely on a combination of semantic,
contextual, and probabilistic cues when assessing
conditionals (Berto and Ozgiin, 2021; Douven and
Verbrugge, 2012; Over et al., 2007). Specifically,
the evidentiality hypothesis argues that the seman-
tic relation between antecedent A and consequent
B—whether A supports, contradicts, or is irrele-
vant to B—plays a crucial role in human accept-
ability judgments (Douven and Verbrugge, 2012;
Skovgaard-Olsen et al., 2016; Berto and Ozgiin,
2021). Returning to the earlier example, If Mark
is wearing socks, then his TV will be working may
be judged unacceptable not because P(B | A) is
low, but because there is no plausible explanatory
or causal (supporting) link between the two clauses.
In particular, Skovgaard-Olsen et al. (2016) find
that humans generally judge conditionals with a
supporting relation more acceptable than those
with a contradicting or irrelevant relation.

Although studies have investigated how humans
judge the acceptability of conditional statements, it
remains unclear how and under what circumstances
LLMs judge conditionals as acceptable.
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Positive relation (POS):
If Nicole sunbathes on the beach, then she will get
sunburned.

Negative relation (N EG):
If Nicole sunbathes on the beach, then her skin will
continue to be pale.

Irrelevant relation (I RR):
If Nicole knows what a computer is, then she will get
sunburned.

Figure 2: Example of three conditional statements rep-
resenting different relations.

2.2 Dataset

To investigate how LLMs assess the acceptability
of conditional statements, we draw on a dataset
from Skovgaard-Olsen et al. (2016). Their study
aims to understand how humans judge conditional
acceptability using 144 conditional statements em-
bedded in 12 short, realistic contexts.! Each con-
text is tied to a unique everyday scenario, such as
going on a date or attending a meeting.

To enable systematic analyses, the 12 condition-
als that share the same context are organized along
two dimensions. First, each conditional can be clas-
sified into one of three relation types, indicating
the semantic connection between antecedent A and
consequent B: a positive relation (PO.S) means
A supports B, a negative relation (N EG) denotes
that A undermines or contradicts B, and an irrel-
evant relation (/ RR) means A is unrelated to B
(see Figure 2). Second, the conditionals vary in
their prior probability: each scenario includes four
levels based on combinations of high or low prob-
ability for both antecedent P(A) and consequent
P(B) (e.g., high-high, high-low, low-high, low-
low; see Appendix A.1 for details). This yields 12
unique configurations per context (3 relation types
x 4 prior probabilities, as shown in Table 5 in
the Appendix), resulting in 144 conditionals in to-
tal. The following example illustrates how relation
types can be defined within a given context:

Nicole’s skin is pale and she wants a suntan with
a mild brown color. It’s summer, the weather is nice,
and there is a beach nearby. However, Nicole’s skin
is sensitive to the sun, and she is bad at controlling
the amount of her exposure to the sun.

"More information about the dataset and demographics
can be found in Appendix A.1.

As shown in Figure 2, a positive relation is illus-
trated by the conditional statement: If Nicole sun-
bathes on the beach, then she will get sunburned.
Here, under the contextual constraint of her having
sensitive skin, Nicole sunbathing actively causes
her to get sunburned. In the negative example, the
antecedent Nicole sunbathing on the beach con-
tradicts her staying pale, while the irrelevant ex-
ample pairs two unrelated ideas: knowing what a
computer is has no causal connection to getting sun-
burned. These structured scenarios are designed
to help participants apply real-world knowledge
while simultaneously constraining interpretation,
anchoring relations and probability judgments to
a shared context. In the present study, we use this
dataset to evaluate how LLMs judge the acceptabil-
ity of conditionals and whether they exhibit similar
patterns as humans. By prompting models with
these same context-rich scenarios and conditionals,
we can systematically assess their responses across
relation types and probability levels.

3 Method

3.1 Experimental Setup

Tasks We follow the approach of Skovgaard-
Olsen et al. (2016) and present the 144 conditional
statements described in Section 2.2 to LLMs in
three distinct judgment tasks: (i) estimating the con-
ditional probability P(B | A) of the consequent
given the antecedent, (ii.a) predicting the overall
probability of the conditional P (“If A, then B”),
and (ii.b) judging the acceptability of the condi-
tional statement “If' A, then B”. While tasks (ii.a)
and (ii.b) present the LLMs with full conditional
statements (e.g., ’If Mark is wearing socks, then
his TV will be working”), the conditional probabil-
ity task (i) presents the statement in a split format,
consisting of a supposition such as “Suppose Mark
is wearing socks” and an outcome, such as "His TV
will be working”, which needs to be judged (see
Figure 3 lower bounding box).

To analyze whether LLMs’ acceptability judg-
ments align with a probabilistic or relevance-based
interpretation, these tasks are designed to separate
probabilistic reasoning from pragmatic or commu-
nicative considerations. The conditional proba-
bility task described above provides a reference
point reflecting pure probabilistic reasoning: if
large language models rely solely on conditional
probability when judging conditional statements,
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Statement:
If Mark is wearing socks, then his TV will be working.

Supposition:

Suppose Mark is wearing socks.
Outcome:

His TV will be working.

Figure 3: Example of a conditional presented in full
form (top) and its corresponding split version (bottom),
used to elicit different types of model judgments.

their if-probability* and acceptability ratings would
be expected to closely match their corresponding
P(B | A) values. The split between acceptabil-
ity and if-probability judgments further allows to
determine whether assessments of conditional state-
ments differ depending on the type of judgment.
All tasks instruct the model to respond with a single
number between 0 — 100, indicating the degree of
probability or acceptability. Full prompt templates
are provided in Figures 8 to 10 in Appendix A.3.

Post-Processing To robustly extract LLM judg-
ments, we use a regular expression to match num-
bers between 0 and 100 following either the to-
ken “answer” or “assistant”. If no valid number
in the expected range is found, the response is
recorded as missing (NaN). Notably, across all
LLMs and prompting techniques, we report no
missing responses. For subsequent analyses, all
numerical ratings are mean-centered, resulting in a
scale from —0.5 to 0.5; all reported values reflect
this transformation. p-values (statistical signifi-
cance: p < 0.05) are reported to three decimal
places, except when highly significant, in which
case thresholds are used (p < 0.001, p < 0.0001).

3.2 Prompts & Models

We aim to examine the impact of model family,
model size, and prompting technique on the condi-
tional acceptability judgments of LLMs. There-
fore, we assess a total of four language mod-
els: Llama-3.1-8B-Instruct,’ Llama-3.1-70B-
Instruct,’ Qwen2.5—7B—Ins’cruct,4 and Qwen
2.5-72B-Instruct,* using publicly accessible
weights obtained from the Hugging Face platform.

>To make the distinction between the conditional proba-
bility P(B | A) and the probability of the full conditional
statement as clear as possible, we denote the probability of the
full conditional statement the if-probability in this study.

*https://huggingface.co/meta-llama/models

*https://huggingface.co/Qwen/collections

Cond. Prob. If-Prob. Acceptability
Vanilla
Llama 8B 0.7685 0.7724 0.7529
Llama 70B 0.9468 0.9344 0.9201
Qwen 7B 0.9768 0.9716 0.9450
Qwen 72B 0.9693 0.9673 0.9784
Few-shot
Llama 8B 0.7930 0.7538 0.7596
Llama 70B 0.9438 0.9556 0.8820
Qwen 7B 0.9542 0.9556 0.9596
Qwen 72B 0.9559 0.9437 0.9768
CoT
Llama 70B 0.9014 0.8497 0.8757
Qwen 72B 0.9331 0.9127 0.9661

Table 1: Intraclass correlation scores across five model
runs for each judgment type, model, and prompt type.

All models are prompted using a vanilla (zero-shot)
and three-shot format, while the two larger mod-
els (Llama 70B and Qwen 72B) are also tested
with chain-of-thought (CoT) prompting (Wei et al.,
2022). For further details on models and prompts,
please refer to Appendix A.2. Our code is publicly
available at: https://github.com/mainlp/conditional-
acceptability.

Consistency of Model Responses We generate
model responses via nucleus sampling (top-p =
1.0) and a temperature of 7' = 1.0. As this de-
coding procedure is non-deterministic, we ensure
the consistency of the models’ numerical ratings
through repeated trials and a post-hoc correlation
analysis. Each model is prompted five times per
data sample to account for potential instabilities
in ratings. By computing the intraclass correlation
of these five ratings per sample, we further eval-
uate the reliability of the models’ judgments. As
shown in Table 1, all models demonstrate good-to-
excellent consistency across all judgment types and
prompting strategies.

3.3 Statistical Methods

We follow the core analytic approach of Skovgaard-
Olsen et al. (2016), applying linear mixed-effects
models to investigate how conditional probability
and relation type affect acceptability judgments of
conditional statements.

Linear Mixed-Effects Models Mixed-effects
models allow for the analysis of how conditional
probability and relation type influence conditional
acceptability judgments while accounting for addi-
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Figure 4: Distribution of center-scaled judgments across humans and LLMs. Top row: overall distributions. Bottom
row: distributions divided by relation type. Left: Llama 70B (vanilla), center: Qwen 72B (vanilla), right: human
data obtained from the study by Skovgaard-Olsen et al. (2016).

tional sources of variation. In particular, different
scenarios, participants,” and LLM sampling itera-
tions introduce underlying variation that might oth-
erwise obscure meaningful effects. Linear mixed-
effects models account for this structure by incorpo-
rating both fixed effects (the predictors of interest)
and random effects (uncontrolled variation across
groups) (Brown, 2021). For further information on
model fitting, please refer to Appendix A.S5.

Additional Measures We report Type III
ANOVA, fixed effect estimates, slopes, and esti-
mated marginal means (EMMs) to assess the im-
pact of predictors, such as conditional probability
and relation types, on judgments of conditional
statements. ANOVA tests show whether mean dif-
ferences are statistically significant across condi-
tions (e.g., relation types) (Brown, 2021; Shaw and
Mitchell-Olds, 1993; Tabachnick and Fidell, 2007),
while EMMs represent the model-adjusted average
outcomes for each condition, allowing for compar-
isons between groups while controlling for other
variables (Searle et al., 1980; CRAN, 2025a,b).

SWhile we do not collect human data ourselves, we use
human data from Skovgaard-Olsen et al. (2016) to compare
LLM trends.

4 Results

Figure 4 shows the distribution of vanilla LLM
judgments (left: Llama 70B, center: Qwen 72B).
Responses cluster around specific values, leading
to a scattered overall distribution. This pattern
is even more pronounced when split by relation
type (bottom row); for example, Llama 70B gives
almost exclusively low ratings for negative and
irrelevant conditions. This supports prior findings
that models prefer specific tokens or rating values
in their judgments (Stureborg et al., 2024; Zheng
et al., 2023).

Impact of Relation Type We find that all LLMs
exhibit sensitivity to relevance when judging condi-
tional statements. As shown in Figure 5, mean judg-
ments differ systematically across relation types:
conditionals with a positive (supporting) relation
receive more favorable ratings than those with a
negative (contradicting) or irrelevant (unrelated)
relation. The highest positive mean is observed
for Qwen 72B (vanilla) at 0.16, while Llama 8B
(vanilla) shows the lowest, barely exceeding the
midpoint, indicating that this model rates posi-
tively related statements less favorably than the
others. Notably, Llama 70B presents the greatest
standard deviation of all vanilla models (see Fig-
ure 5), which might be attributable to its spiked data
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Llama 88 (vanilla) 8 Llama 70B (vanila) 8 Qwen 78 (vanilla) Qwen 728 (vanilla)
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0.00

-0.25 n

Mean Judgment

-0.50

IRR NEG POS

Figure 5: Mean and standard deviation across relevance
conditions and vanilla models (red: Llama 8B, green:
Llama 70B, blue: Qwen 7B, purple: Qwen 72B).

distribution (mainly concentrating on either very
high or very low values, see Figure 4). Exact val-
ues for all models and prompting techniques can be
found in Table 8 in the Appendix. ANOVA results
confirm a highly significant main effect of rela-
tion type for all models except Llama 70B (vanilla)
(p = 0.060; see Table 10 in Appendix A.6). Fixed
effects estimates (Table 2) further highlight these
differences: for instance, Qwen 72B (vanilla) rates
negatively related conditionals 0.20 higher, and
positively related ones 0.30 higher, than irrelevant
ones. In contrast, Llama 70B (vanilla) shows mini-
mal differentiation between relation types (0.07 for
NEG, 0.01 for POS), suggesting lower sensitivity
to relevance distinctions. In summary, while most
models exhibit significant sensitivity to semantic
relation type, Llama 70B (vanilla) appears to do so
less than other models.

Impact of Conditional Probability For all
LLMs, judgments of conditional statements are
strongly influenced by the underlying conditional
probability P(B | A). ANOVA results (Tables 10
to 18 in the Appendix) confirm a highly significant
main effect of conditional probability across all
models (p < 0.0001). As shown in Figure 6, judg-
ments increase with rising conditional probability, a
pattern further supported by fixed effects estimates
in Table 2, which quantify the effect of P(B | A)
on conditional statement judgments across models.
Llama 70B (vanilla) shows the strongest sensitivity,
with a slope of 0.65 per unit increase in P(B | A),
suggesting that, with the absence of relevance in-
fluence, it is particularly sensitive to conditional

P(B|A) NEG POS Metric(P)
Vanilla
Llama 8B 0.35 0.10 0.30 —0.06
Llama 70B 0.65 0.07 0.01 0.05
Qwen 7B 0.38 0.06 0.26 0.05
Qwen 72B 0.21 0.20 0.30 —0.03
Few-shot
Llama 8B 0.29 0.23 0.33 0.12
Llama 70B 0.51 0.26 0.19 0.08
Qwen 7B 0.49 0.13 0.23 0.05
Qwen 72B 0.30 0.23 0.28 0.09
CoT
Llama 70B 0.51 0.30 0.31 0.10
Qwen 72B 0.19 0.27 0.35 0.07

Table 2: Fixed effect estimates for LLMs predicting
probability and acceptability judgments. Effects are
shown as contrasts relative to the reference levels: rela-
tion = irrelevant, metric = acceptability.

probability. Out of the vanilla models, Qwen 72B
shows the weakest effect (0.21).

How Conditional Probability and Relation
Types Interact For all models except Llama 70B
(vanilla), relation type significantly modulates the
effect of conditional probability, as indicated by
highly significant interaction effects in the ANOVA
results (p < 0.001 for the vanilla models; see Ta-
bles 9 to 12 in the Appendix). Table 3 presents pair-
wise comparisons of interaction slopes, which indi-
cate how much more strongly judgments increase
with conditional probability for one relation type
compared to another. These comparisons reveal dis-

Llama 70B (vanilla) Qwen 72B (vanilla)

0.5

0.0

S S]]

-0.5
0.5

0.0

Judgment

\

-0.5
0.5

0.0

SOd

-0.5

-0.5 0.0 0.5 -0.5 0.0 0.5

P(BIA)

Figure 6: Scatterplots of data points and trend lines for
Llama 70B (vanilla) and Qwen 72B (vanilla), divided
by relation types. Plots for all vanilla models can be
found in Figure 7 in the Appendix.
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IRR x NEG IRR x POS NEG x POS

Estimate p Estimate P Estimate P
Llama 8B (vanilla) —0.10 0.064 —0.28 < 0.0001 —0.18 0.001
Llama 70B (vanilla) —0.02 1.000 —0.06 0.604 —0.03 1.000
Qwen 7B (vanilla) —0.13 0.002 —-0.22 < 0.0001 —0.09 0.029
Qwen 72B (vanilla) —0.38 < 0.0001 —-0.35 < 0.0001 0.03 0.420
Llama 8B (few-shot) —-0.21 < 0.001 —0.18 0.001 0.03 0.573
Llama 70B (few-shot) —0.37 < 0.0001 —-0.17 < 0.001 0.20 < 0.001
Qwen 7B (few-shot) —0.25 < 0.0001 —-0.12 0.017 0.13 0.017
Qwen 72B (few-shot) —0.35 < 0.0001 —0.28 < 0.0001 0.07 0.077
Llama 70B (CoT) —0.31 < 0.0001 —0.09 0.034 0.22 < 0.0001
Qwen 72B (CoT) —0.51 < 0.0001 —0.44 < 0.0001 0.08 0.061

Table 3: Pairwise comparisons of interaction slopes for LLMs. SE: 0.04 — 0.05. Statistical significance at p < 0.05.

tinct patterns across models. Llama 70B (vanilla)
shows no significant slope differences (IRR x POS:
p = 0.604; others: p = 1.000), reinforcing its in-
sensitivity to relevance distinctions. Among the
remaining models, two distinct trends emerge. In
the smaller models (Llama 8B and Qwen 7B, both
vanilla), positive relations yield the steepest slopes
(e.g., Llama 8B slope differences: IRR x POS:
—0.28; NEG x POS: —0.18; p < 0.001 respec-
tively), suggesting a stronger probability effect for
supportive conditionals. By contrast, larger models
and all few-shot or CoT variants exhibit steeper
slopes for negatively related conditionals than for
positive ones (e.g., Llama 70B (few-shot): 0.20,
p < 0.001) or, as in Qwen 72B (vanilla), show
no significant difference between the two (0.03,
p = 0.420). Not only does relevance modulate
the effect of conditional probability, but the re-
verse also seems true: the influence of relation
type depends on the underlying probability of the
conditional statement. Pairwise comparisons of
estimated marginal means at low, medium, and
high probability levels (see Table 20 in the Ap-
pendix) reveal that in both Qwen models (7B and
72B, vanilla), all relation types differ significantly;
except at low probability, where the irrelevant and
negative conditions do not differ (e.g., Qwen 72B:
p = 0.232). A similar pattern appears in Llama 8B
(vanilla), which shows no significant difference be-
tween negative and positive relations at low proba-
bility (p = 0.148). These results suggest that while
these LLMs reliably distinguish relation types at
medium and high conditional probabilities, their
sensitivity decreases at low probabilities; perhaps
because relevance becomes harder to evaluate when
the conditional itself seems implausible.

Impact of Judgment Type Up to this point, we
have analyzed the if-probability and acceptability
judgments of LLMs together. However, ANOVA
results (see Tables 10 to 18 in the Appendix) sug-
gest that some LLMs may differentiate between
these two metrics. Only Llama 70B (vanilla) and
Qwen 72B (vanilla) show no significant main effect
of judgment type, though both approach the thresh-
old of significance (Llama p = 0.058 Table 10;
Qwen p = 0.068 Table 12). Fixed effects estimates
(using acceptability as the reference level, see Ta-
ble 2) reveal no consistent trend among the vanilla
models: Qwen 72B and Llama 8B give slightly
lower ratings to if-probability (e.g., Qwen: —0.03),
while Qwen 7B and Llama 70B show the opposite
pattern (both: 0.05). In contrast, all few-shot and
CoT variants assign higher ratings to if-probability
than to acceptability (see Table 2). This effect is
most pronounced in Llama 8B (few-shot: 0.12) and
smallest in Qwen 7B (few-shot: 0.05). These re-
sults suggest that prompting examples consistently
shift model ratings upward for probability judg-
ments relative to acceptability. However, for zero-
shot, this distinction appears less stable and may
depend on model size or architecture. Larger mod-
els like Llama 70B and Qwen 72B appear less influ-
enced by judgment type overall, whereas prompt-
ing reintroduces or amplifies this sensitivity.

Impact of Prompting Strategy All LLMs ap-
pear highly susceptible to few-shot and CoT
prompting, though the direction of these effects
varies across models. While few-shot prompting
aids Llama 70B in incorporating relation types in
its judgments (ANOVA: p = 0.060 to < 0.0001,
see Tables 10 and 14 in the Appendix), it seems
to introduce a negativity bias in other models: As
can be seen in Table 3, all few-shot variants pro-
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duce steeper interaction slopes for negatively re-
lated conditionals than for positively related ones
(e.g., Llama 70B (few-shot): 0.20, p < 0.001),
or, as in Llama 8B (few-shot), eliminate the dis-
tinction entirely: p = 0.573. Prompting effects
are also evident in the pairwise comparisons of
estimated marginal means across conditional prob-
ability levels (see Table 20 in the Appendix). In
the vanilla Qwen models, relation type distinctions
collapse only at low probability between irrelevant
and negative conditionals. However, the few-shot
and CoT variants additionally produce insignificant
differences between negative and positive condi-
tionals at high conditional probability (e.g., Qwen
72B CoT p = 1.000), suggesting that the prompt-
ing examples may, in some cases, reduce sensitiv-
ity to fine-grained relevance contrasts. Contrary
to expectations, prompting examples do not ap-
pear to increase alignment with human behavior,
which typically shows great sensitivity to relevance
cues. Notably, the Llama models do not exhibit
this degradation under prompting, except for Llama
70B CoT, which converges negative and positive at
medium conditional probability (p = 0.459).

Impact of Model Size Intriguingly, smaller mod-
els show a more consistent influence of relation
type than their larger counterparts. For instance,
as shown in Table 3, Llama 8B (vanilla) exhibits
significant slope differences between relation types
and strong fixed effects estimates, unlike Llama
70B (vanilla), which shows virtually no influence
of relevance. Similarly, Qwen 7B (vanilla) does not
display the reduced contrast between positive and
negative slopes observed in Qwen 72B (vanilla).
This pattern suggests that smaller models may more
consistently integrate relevance cues, especially for
supporting conditionals. Conversely, larger models
tend to show reduced variation across the type of
judgment (if-probability vs. acceptability), indicat-
ing a different kind of internal consistency.

4.1 Comparison Humans vs. LL.Ms

Data Distribution Overall, the rating patterns of
humans and LLMs show broad similarities, yet sys-
tematic differences emerge. As shown in Figure 4,
the general distribution of human ratings appears
continuous, whereas LLMs tend to concentrate re-
sponses around specific values. Broken down by
relation type (bottom row), both humans and LLMs
generally rate positively related conditionals more
favorably, and irrelevant and negative condition-

als less so. However, human ratings show tighter
clustering: irrelevant and negative statements con-
sistently fall at the lower end of the scale, while
positive ones cluster at the higher end. In contrast,
LLMs exhibit greater dispersion, with outlier judg-
ments appearing across the scale. For example,
Llama 70B (vanilla) assigns both very high and
very low ratings to positively related conditionals.

Systematic Divergences Despite these differ-
ences, the overall mean ratings by relation type are
similar. Human means for the irrelevant and nega-
tive conditions (IRR: —0.25, NEG: —0.26) closely
match the ones of all LLMs, which range from
—0.37 to —0.20 for IRR and —0.27 to —0.19 for
NEG (see Table 8 in the Appendix). The biggest
difference occurs in the positive condition (humans:
0.19), where most LLLMs fall short. Both Llama
models and the smaller Qwen variant barely exceed
the midpoint (Llama 8B: 0.01, 70B: 0.04; Qwen:
0.06). Qwen 72B is the only LLM that approxi-
mates this high mean across prompting techniques
(vanilla: 0.16, few-shot: 0.15, CoT: 0.14). In terms
of the influence of predictors, both humans and
LLMs show strong effects of conditional probabil-
ity and relation type. For humans, ANOVA results
(see Table 19 in the Appendix) indicate significant
main effects of probability and relevance, as well
as their interaction (p < 0.0001), but no effect of
judgment metric. This stands in contrast to LLMs,
where the smaller models and all few-shot and CoT
models consistently show modest but significant
effects of the judgment type. In terms of slope
comparisons, human pairwise interactions across
relation types are highly significant (p < 0.0001),
indicating robust modulation by relevance. This
pattern most closely resembles Qwen 7B (vanilla),
Llama 70B (few-shot), and Qwen 7B (few-shot),
although the LLMs generally produce weaker ef-
fects and differ in direction: humans show steeper
slopes for positively related conditionals, whereas
LLMs sometimes favor negative ones. Finally, esti-
mated marginal means comparisons show that hu-
mans distinguish between relation types at all levels
of conditional probability; except between irrele-
vant and negative conditionals at low probability
(p < 0.0001 for all other contrasts, see Table 20).
This pattern is mirrored in the Qwen models and
partially in the Llama models, which also exhibit
collapsed distinctions at low probability levels.

In sum, while all LLMs except Llama 70B
(vanilla) incorporate both conditional probability
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Sentence Prob. Perplexity
r p r p

Cond. Prob.
Llama 8B 0.15 0.25 -0.28 -0.32
Llama 70B 0.16 0.26 -0.28 -0.38
Qwen 7B 0.08 0.22 -0.17 -0.27
Qwen 72B 0.16 0.33 -0.21 -0.36
If-Prob.
Llama 8B 0.19 0.25 -0.32 -0.32
Llama 70B 0.11 0.31 -0.23 -0.31
Qwen 7B 0.07 0.20 -0.08 -0.27
Qwen 72B 0.14 0.19 -0.19 -0.31

Table 4: Pearson (r) and Spearman correlation (p) of
sentence probability and perplexity with probability
judgments obtained through direct elicitation.

P(B | A) and semantic relevance in their judg-
ments of conditionals, they do not exhibit the sys-
tematic integration of these factors observed in hu-
mans. In particular, the consistently elevated rat-
ings and steepest interaction slopes for positively
related conditionals appear to reflect a uniquely hu-
man sensitivity that LLMs can only approximate.

4.2 Eliciting Probability Judgments

In our study, we directly prompt models to judge
the probability or acceptability of a conditional
statement. While this method is well-established
and has been used in existing studies (Tian et al.,
2023; Yang et al., 2025), there also exist other meth-
ods for eliciting ratings from LLMs.® For instance,
we can compute a model’s sentence probability or
its perplexity as an estimate of the probability it
assigns to a given statement.

To compare sentence probabilities with our di-
rect elicitation approach, we compute the model-
assigned probabilities of both the conditional
probability P(B | A) and the if-probability
P(“If A, then B”). In particular, for conditional
probability, we use the following prompt M:

Context: <context>
Given: <A>
Consequence:

and compute P(B | M) using the probabilities
the model assigns to each token in B. Similarly,
for if-probability, we compute P(If A, then B | M)

®A discussion of direct elicitation and alternative methods
is provided in Appendix A.4.

using the prompt M:

Context: <context>
Statement:

Because sentence probability strongly depends
on sentence length, we additionally compute the
model’s perplexity over the statements. To study
how well these probability-based judgments corre-
late with those obtained via direct elicitation, we
compute both Pearson and Spearman correlations
for each metric. As shown in Table 4, we observe a
weak positive correlation for sentence probability
and a weak-to-moderate negative correlation for
perplexity scores, underlining that these metrics
are related but ultimately capture different aspects.

5 Related Work

Conditional Reasoning in LLMs Several recent
studies examine LLMs’ abilities in conditional and
causal reasoning, though without addressing the
acceptability of statements themselves. Liu et al.
(2023) find that Code-LLMs outperform text-only
models on abductive and counterfactual tasks when
prompted in code, suggesting improved causal sen-
sitivity. Dettki et al. (2025) show that LLMs draw
on domain knowledge in causal inference rather
than relying purely on abstract rules. Other work fo-
cuses on logical inference: Holliday et al. (2024) re-
port frequent errors in detecting invalid inferences,
though CoT prompting improves performance. De-
bray (2023) find that models like OPT show limited
validity assessment but some semantic sensitivity
when compared to human judgments.

6 Conclusion

In this paper, we investigate how LLMs assess con-
ditional statements, a task that has long been de-
bated in the context of human reasoning, but re-
mains underexplored for LLMs. Specifically, we
examine whether LLMs rely on conditional proba-
bility, relation type, or a combination of both when
judging the acceptability of conditionals. Our find-
ings suggest that both factors contribute to LLM
judgments, although the degree of this influence
varies substantially across models and prompting
strategies. Notably, while LLMs and humans per-
form generally similar, key distinctions emerge,
suggesting that LLMs may not consistently in-
tegrate both semantic relation and probabilistic
strength in the systematic way that humans do.
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7 Limitations

While our work sheds light on LLM capabilities
in assessing conditional statements, several limi-
tations warrant consideration and future investiga-
tion.

Human Data As discussed in Appendix A.1, the
human judgment data from Skovgaard-Olsen et al.
(2016) is collected via crowdsourcing. Although
quality controls are implemented (such as restrict-
ing participation to native English speakers and
setting time thresholds), these precautions are intro-
duced only after data collection had already taken
place. Consequently, the dataset features uneven re-
sponse counts per conditional statement (e.g., some
statements rated by ten participants, others by only
three), introducing variability and inconsistency.
Future work could benefit from eliciting human
judgments in more controlled environments, such
as laboratory or classroom settings, ideally synchro-
nized with LLM data collection to enable direct
comparisons under matched conditions.

Prompts and Prompting As noted in Section 4,
the few-shot and CoT prompting conditions appear
to bias model sensitivity towards negatively related
conditionals. Since this effect occurred in all few-
shot and CoT variants, the random selection of
prompt examples (see Appendix A.3) may have in-
advertently biased model behavior. Given the well-
documented prompt sensitivity of LLMs (Errica
et al., 2024; Loya et al., 2023; Sclar et al., 2023),
future work should take greater care in constructing
prompt sets. One possible improvement could be
to include a more balanced set of few-shot exam-
ples, e.g., one for each combination of relation type
and conditional probability level (resulting in nine
examples total). This might help ensure that mod-
els are not inadvertently primed to favor particular
judgment patterns.

Limits of Relying Solely on Ratings A key lim-
itation of this study is the reliance on numerical
ratings alone. While this approach enables sys-
tematic comparisons, it may not fully capture the
reasoning processes that underlie those judgments.
Conditional evaluation is a complex task for both
humans and LLMs. That some aspects elicit greater
concordance across models and participants than
others suggests that numerical ratings may obscure
important distinctions in underlying reasoning. Fu-
ture work may benefit from incorporating richer
diagnostic measures. A more informative approach

could involve qualitative analysis of both LLM
and human reasoning. Such methods would offer
deeper insight into the reasoning strategies underly-
ing judgment patterns and help determine whether
similar ratings reflect genuinely similar reason-
ing or merely coincidental alignment. This, in
turn, would enable more nuanced evaluations of
LLM-human alignment in conditional reasoning.
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Relation / Probability High-High High-Low Low-High Low-Low

Positive (POS) POS x High-High  POS x High-Low  POS x Low-High  POS x Low-Low
Negative (NEG) NEG x High-High NEG x High-Low NEG x Low-High NEG x Low-Low
Irrelevant (IRR) IRR x High-High  IRR x High-Low  IRR x Low-High  IRR x Low-Low

Table 5: Design matrix showing all 12 conditional statement configurations for a single scenario, based on 3 relation
types (positive, negative, irrelevant) and 4 prior probability levels (high-high, high-low, low-high, low-low).

A Appendix

A.1 Prior Human Study

Dataset In the dataset, as shown in Table 5, each
conditional varies along two dimensions: The first
dimension is prior probability assignment, where
antecedent and consequent are each classified by
Skovgaard-Olsen et al. (2016) as either high or low
probability based on contextual cues provided in
the scenario. This yields four prior configurations
(high-high, high-low, low-high, low-low). Accord-
ing to Skovgaard-Olsen et al. (2016), this manipu-
lation aims not to test probability effects directly,
but to increase the spread of conditional probability
judgments across statements.

The second dimension is the relation type, indi-
cating the type of connection between antecedent
A and consequent B. A positive (PO)S) relation
means A supports B, a negative (N EG) relation
means A undermines B, and an irrelevant (/ RR)
relation means A is unrelated to B.

In total, this then results in 12 statements per
scenario, each representing a unique combination
of prior probability and relation type.

Data Collection Skovgaard-Olsen et al. (2016)
use this experimental setup to investigate how hu-
mans assess the acceptability of conditional state-
ments [f A, then B. Their dataset and supplemen-
tary materials are openly available on OSF. All
ratings are collected via a crowd-sourcing platform
(CrowdFlower), with participants from the United
States, United Kingdom, and Australia. With this
setup, the study shows that human judgments are
sensitive to the semantic relation between A and
B (positive, negative, or irrelevant) as well as the
conditional probability of conditional statements.
While appropriate measures are implemented to
ensure data quality, such as restricting participation
to native English speakers and setting minimum
and maximum completion times, these precautions
are introduced only after data collection had al-
ready taken place. As a result, the dataset contains
variable numbers of responses per conditional state-

ment (e.g., some statements are rated by ten par-
ticipants, others by only three), which introduces
inconsistency.

A.2 Models and Prompts

Language Models This study employs four pub-
licly available large language models of compara-
ble size (7 — 8 and 70 — 72 billion parameters):
Llama 3.1 (8B and 70B) and Qwen 2.5 (7B and
72B). All models are instruction-tuned variants de-
signed to follow user prompts and generate coher-
ent natural language responses.

A summary of key model specifications is pro-
vided in Table 6. The Llama models, released in
July 2024, consist of either 8.03 billion or 70.6 bil-
lion parameters, and the Qwen models, released in
September 2024, contain 7.61 billion or 72.7 bil-
lion parameters. All models accommodate context
windows of up to 128,000 tokens.

Prompts While the vanilla prompts follow a zero-
shot format, providing only the task instruction, the
scenario context, and the input item, the few-shot
variants additionally include three example judg-
ments based on a shared narrative context (see Fig-
ure 11). These examples span a range of output
values (high, medium, low) to illustrate the rating
scale. The same context and examples are used
across all judgment types, with minor numerical
variation to avoid repetition. Relation types are
omitted to avoid bias. All prompts are constructed
using each model’s respective chat formatting tem-
plate. Instruction-tuned LL.Ms typically expect in-
put messages to be wrapped in a specific format.
These templates are applied using each model’s to-
kenizer. Where applicable, the model’s default sys-

Model ID Parameters Context Length
Llama-3.1-8B-it 8.03B 128K
Llama-3.1-70B-it 70.6B 128K
Qwen2.5-7B-it 7.61B 128K
Qwen?2.5-72B-it 72.7B 128K

Table 6: Overview of selected large language models
used in this study.
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tem prompt is used. Model outputs are generated
using the default decoding parameters provided
by the Hugging Face Transformers library, with
nucleus sampling (top_p = 1.0) and temperature
(T =1.0).

Outputs Each model judgment is expected to be
a numerical value between 0 (completely improb-
able or unacceptable) and 100 (highly probable
or acceptable). To elicit consistent responses, all
prompts explicitly instruct models to return a sin-
gle numerical value using both a textual instruction
(Respond only with this number and nothing
else.) and a predefined output format (Answer:
<number>).

A.3 Prompt Templates

Vanilla Figure 8 shows the vanilla prompt used to
elicit conditional probability estimates. Similar to
the original human study (Skovgaard-Olsen et al.,
2016), the model is given a context, a suppositional
assumption (e.g., “Suppose Nicole sunbathes on
the beach.”), and a target sentence (e.g., “She will
get sunburned.”). It is then asked how probable the
target sentence is, given the assumption.

Figure 9 shows the vanilla prompt used to elicit
if-probability judgments. In this setup, the model is
shown a context and a conditional statement (e.g.,
“If Nicole sunbathes on the beach, then she will
get sunburned.”) and asked how probable the con-
ditional is.

Figure 10 presents the vanilla prompt for accept-
ability ratings. The model receives a context and a
conditional statement and is asked to assess the ac-
ceptability of the statement based on general knowl-
edge or contextual plausibility. As Skovgaard-
Olsen et al. (2016) include an instruction paragraph
on what exactly is meant by acceptability in their
task, a summarized version of this is also included
in the LLM prompts for acceptability:

If a statement is considered "acceptable”,
it means that the information expressed
by it is reasonable given some context or
prior knowledge about the world.

Few-shot and CoT While the vanilla prompts
follow a zero-shot format, providing only the task
instruction, the scenario context, and the input item,
the few-shot variants expand on this by including
three illustrative examples after the instruction. As
shown in Figure 11, these examples are embed-
ded within a single, shared context and represent

a range of output values (one high, one moderate,
and one low) to exemplify the scale of possible
responses.

The example context is manually constructed to
closely resemble the scenario style used in the orig-
inal study: it establishes that a character, "Luisa",
wants to pick up some groceries after work, and
then adds constraints on the situation by stating that
the supermarket is small and might not carry all the
necessary items. The example inputs (e.g., If Luisa
drives to a bigger supermarket, she will find all
the ingredients she needs) are randomly selected
to represent diverse output levels without biasing
towards specific relation types. Moreover, relation
types are deliberately omitted from the prompt to
prevent influencing the model’s judgments. Those
examples, designed to illustrate a clear probabil-
ity gradient within the example scenario, remain
identical across all prompts. Since the example
output values are primarily intended as proxies to
indicate a realistic range of responses, minor varia-
tions are introduced between judgment types (e.g.,
92 — 94 — 95 for the high example) to avoid
repetition. Additionally, as shown in Figure 12, the
CoT prompts also include step-by-step reasoning
that exemplifies how to arrive at the final judgment
score.

A.4 Discussion of Elicitation Methods

While we use direct elicitation to retrieve (con-
ditional) probability and acceptability ratings (cf.
Sections 3.1 and A.2), a well-established ap-
proach (e.g., Tian et al., 2023; Yang et al., 2025),
other methods exist for obtaining a model’s proba-
bility estimate for a given statement. As an alterna-
tive to direct elicitation, we also compute the sen-
tence probability a model assigns to a given state-
ment by leveraging its output probability distribu-
tion over the model’s vocabulary (see Section 4.2).

While both direct elicitation and sentence prob-
ability have their respective advantages and disad-
vantages (as illustrated in Table 7), they bear key
differences that should be considered. Sentence
probability quantifies how probable a model con-
siders a given string. This captures surface form
rather than semantics and does not necessarily re-
flect how likely the model deems the statement to
be true. Additionally, pure sentence probability is
highly sensitive to paraphrasing and tokenization
and exhibits a notable length bias. In contrast, di-
rect elicitation allows the model to be asked directly
for the probability that a given statement is true. For
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Method

How It Works

Advantages

Disadvantages

Direct elicitation (ask
the model “What is
P(B|A)?)

Sentence probability
(likelihood of text B
given text A)

Prompt the model to
output a numeric
probability for B
under the condition A
(optionally after
reasoning)

Compute P(B | A) by
multiplying (summing
log) token probabilities
of the exact string B
under left-to-right
factorization

Uses global semantics & latent
knowledge; can consider A and
B holistically rather than token-by-
token

Supports reasoning (e.g., via CoT)
before committing to a number.
Black-box friendly: no logit access
required

Empirically, verbalized probabili-
ties can be well-calibrated—often
better than token-likelihoods for
instruct/chat models (Tian et al.,
2023)

Well-defined and deterministic
(given fixed model & settings)
Decomposable at token level; sup-
ports log-likelihood ratios and abla-
tions.

Aligns with the model’s pre-
training objective (good for base

* Less decomposable/explainable at
the score level (gives a number, not
a token-level breakdown)

* Variance under sampling (for non-
greedy decoding)

* Measures string form, not pure se-
mantics; highly paraphrase- and
tokenization-sensitive

* Length bias (longer B penalized);
normalization choices matter (per-
token, per-byte, etc.)

* Not directly comparable across

models)

models without normalization (dif-
ferent tokenizers, logit scales, pri-
ors)

Requires logit access

Can’t natively leverage the model’s
reasoning (e.g., via CoT) during
scoring

Table 7: Comparison of methods for eliciting (conditional) probability judgments with large language models.

instruct/chat models in particular, direct elicitation
has been shown to be better calibrated than token
likelihoods (Tian et al., 2023), as it leverages the
model’s internal latent knowledge and reasoning.

A.5 Linear Mixed-Effects Model

Linear Mixed-Effects Models Put simply, a lin-
ear mixed-effects model can be viewed as an exten-
sion of linear regression: Whereas simple regres-
sion fits a single trend line through the data, linear
mixed-effects models estimate an average trend
while adjusting for group-level variation (e.g., due
to different scenarios). This results in more ac-
curate and generalizable findings, particularly in
datasets with multiple co-existing sources of varia-
tion (Brown, 2021; Vasishth and Broe, 2010).

Predictors and Sources of Variation The main
fixed effects are conditional probability P(B |
A), relation type (supporting, undermining, un-
related), and judgment metric (acceptability vs.
if-probability). To account for potential context-
specific variation, random effects are included for
scenario and respondent, where the latter refers to
either a human participant or an LLM sampling
iteration.

Model Specification and Adaptation Each lin-
ear mixed-effects model uses judgment, i.e., the
judgments of conditional statements, as the depen-
dent variable. A single model is fit per respondent
(LLM or human) with the same structure, enabling
later comparisons. Following best practices (Bates
et al., 2015; Brown, 2021), we balance model com-
plexity and convergence. Due to singularity issues
with full random-slopes structures, we simplify the
models by including random intercepts for both
respondent (sampling iteration) and scenario in
the LLM linear mixed-effects models. The human

IRR NEG POS
Llama 8B (vanilla) —-0.37 —-0.27 0.01
Llama 70B (vanilla) —-0.26 —0.27 0.04
Qwen 7B (vanilla) —0.22 —-0.24 0.06
Qwen 72B (vanilla) —-0.27 —-0.21 0.16
Llama 8B (few-shot) —-0.33 —-0.22 0.07
Llama 70B (few-shot) —0.30 —0.23 0.11
Qwen 7B (few-shot) —-0.20 —-0.19 0.09
Qwen 72B (few-shot) —0.28 —0.21 0.15
Llama 70B (CoT) —-0.28 —-0.23 0.17
Qwen 72B (CoT) —-0.33 —-0.20 0.14

Table 8: Means of conditional statement judgments
for all LLMs (joint means of both acceptability and if-
probability), divided by relation types.
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mixed-effects model, however, is fit with respon-
dent as a random slope instead, as for humans,
this represents the individual participants and is
expected to introduce much greater variation. This
choice captures key variance across participants

and model samples while retaining model stability.

A.6 ANOVA Tables

Tables 9 to 18 illustrate the results from the
ANOVA analyses.
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Effect F value Df Residual Df  p-value

(Intercept) 79.15 1 21.73 < 0.0001 F**
Conditional probability 43.63 1 1421.39 < 0.0001  ***
Relation type 65.62 2 1414.24 < 0.0001  ***
Judgment metric (P/ A) 4.37 1 1413.00 0.037 *
Cond. prob. x Relation 798 2 142091 < 0.001  #***
Cond. prob. x Metric 249 1 1413.00 0.115

Relation x Metric 6.09 2 1413.00 0.002  **
Cond. prob. x Relation x Metric 3.71 2 1413.00 0.025 *

Table 9: Type III ANOVA table for fixed effects in the mixed-effects model of Liama 8B (vanilla) judgments.
Probability and acceptability ratings are predicted by conditional probability, relation type, and judgment type.
Degrees of freedom are computed using the Kenward—Roger approximation. Significance codes: *** p < .001, **
p < .01, *p < 0.05.

Effect F value Df Residual Df  p-value
(Intercept) 35.46 1 30.41 < 0.0001 F**
Conditional probability 24454 1 1422.38 < 0.0001  ***
Relation type 282 2 1415.34 0.060
Judgment metric (P / A) 3.61 1 1413.00 0.058
Cond. prob. x Relation 0.53 2 1418.53 0.591
Cond. prob. x Metric 2.30 1 1413.00 0.130
Relation x Metric 024 2 1413.00 0.783
Cond. prob. x Relation x Metric 0.15 2 1413.00 0.861

Table 10: Type III ANOVA table for fixed effects in the mixed-effects model of Llama 70B (vanilla) judgments.
Probability and acceptability ratings are predicted by conditional probability, relation type, and judgment type.
Degrees of freedom are computed using the Kenward—Roger approximation. Significance codes: *** p < .001, **
p < .01, *p < 0.05.

Effect F value Df Residual Df p-value
(Intercept) 72.03 1 16.77 < 0.0001 ***
Conditional probability 94.36 1 1416.96 < 0.0001  ***
Relation type 100.09 2 1413.35 < 0.0001  *%**
Judgment metric (P / A) 5.98 1 1413.00 0.015 *
Cond. prob. x Relation 10.72 2 1417.78 < 0.0001  ***
Cond. prob. x Metric 24.02 1 1413.00 < 0.0001  *%**
Relation x Metric 151 2 1413.00 0.220
Cond. prob. x Relation x Metric 0.69 2 1413.00 0.503

Table 11: Type III ANOVA table for fixed effects in the mixed-effects model of OQwen 7B (vanilla) judgments.
Probability and acceptability ratings are predicted by conditional probability, relation type, and judgment type.
Degrees of freedom are computed using the Kenward—Roger approximation. Significance codes: *** p < .001, **
p < .01, *p < 0.05.
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Effect F value Df Residual Df  p-value

(Intercept) 224.65 1 18.65 < 0.0001 ***
Conditional probability 34.03 1 1414.81 < 0.0001  *%**
Relation type 20090 2 1414.06 < 0.0001  ***
Judgment metric (P / A) 3.33 1 1413.00 0.068 .
Cond. prob. x Relation 59.37 2 1416.95 < 0.0001  ***
Cond. prob. x Metric 72.79 1 1413.00 < 0.0001  *%**
Relation x Metric 049 2 1413.00 0.613

Cond. prob. x Relation x Metric 753 2 1413.00 0.001 ***

Table 12: Type III ANOVA table for fixed effects in the mixed-effects model of Qwen 72B (vanilla) judgments.
Probability and acceptability ratings are predicted by conditional probability, relation type, and judgment type.
Degrees of freedom are computed using the Kenward—Roger approximation. Significance codes: *** p < .001, **

p < .01, *p < 0.05.

Effect F value Df Residual Df  p-value

(Intercept) 79.67 1 27.72 < 0.0001 FE*
Conditional probability 29.62 1 1423.62 < 0.0001  ***
Relation type 68.20 2 1415.28 < 0.0001  ***
Judgment metric (P / A) 15.88 1 1413.00 < 0.0001  ***
Cond. prob. x Relation 9.86 2 1420.44 < 0.0001  ***
Cond. prob. x Metric 8.19 1 1413.00 0.004  **
Relation x Metric 774 2 1413.00 < 0.001 ***
Cond. prob. x Relation x Metric 198 2 1413.00 0.138

Table 13: Type III ANOVA table for fixed effects in the mixed-effects model of Llama 8B (few-shot) judgments.
Probability and acceptability ratings are predicted by conditional probability, relation type, and judgment type.
Degrees of freedom are computed using the Kenward—Roger approximation. Significance codes: *** p < .001, **

p < .01, *p < 0.05.

Effect F value Df Residual Df p-value
(Intercept) 83.12 1 18.76 < 0.0001 ***
Conditional probability 202.71 1 1419.33 < 0.0001  ***
Relation type 63.57 2 1414.17 < 0.0001  #***
Judgment metric (P / A) 14.26 1 1413.00 < 0.001  ***
Cond. prob. x Relation 28.08 2 1416.22 < 0.0001  ***
Cond. prob. x Metric 11.92 1 1413.00 0.001  ***
Relation x Metric 2.03 2 1413.00 0.132
Cond. prob. x Relation x Metric 142 2 1413.00 0.243

Table 14: Type III ANOVA table for fixed effects in the mixed-effects model of Llama 70B (few-shot) judgments.
Probability and acceptability ratings are predicted by conditional probability, relation type, and judgment type.
Degrees of freedom are computed using the Kenward—Roger approximation. Significance codes: *** p < .001, **
p < .01, *p < 0.05.
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Effect F value Df Residual Df  p-value

(Intercept) 83.55 1 22.01 < 0.0001 F**
Conditional probability 140.37 1 1422.45 < 0.0001  ***
Relation type 51.68 2 1414.02 < 0.0001  ***
Judgment metric (P / A) 6.02 1 1413.00 0.014 *
Cond. prob. x Relation 5.87 2 1419.68 0.003  **
Cond. prob. x Metric 5.06 1 1413.00 0.025 *
Relation x Metric 420 2 1413.00 0.015 *
Cond. prob. x Relation x Metric 3.98 2 1413.00 0.019

Table 15: Type III ANOVA table for fixed effects in the mixed-effects model of Qwen 7B (few-shot) judgments.
Probability and acceptability ratings are predicted by conditional probability, relation type, and judgment type.
Degrees of freedom are computed using the Kenward—Roger approximation. Significance codes: *** p < .001, **

p < .01, *p < 0.05.

Effect F value Df Residual Df  p-value

(Intercept) 30731 1 19.69 < 0.0001 #**
Conditional probability 73.00 1 1417.90 < 0.0001  ***
Relation type 17510 2 1414.31 < 0.0001  #***
Judgment metric (P/ A) 4224 1 1413.00 < 0.0001  *%**
Cond. prob. x Relation 48.50 2 1416.94 < 0.0001  ***
Cond. prob. x Metric 59.29 1 1413.00 < 0.0001  ***
Relation x Metric 5.51 2 1413.00 0.004  **
Cond. prob. x Relation x Metric 6.90 2 1413.00 0.001  **

Table 16: Type III ANOVA table for fixed effects in the mixed-effects model of Qwen 72B (few-shot) judgments.
Probability and acceptability ratings are predicted by conditional probability, relation type, and judgment type.
Degrees of freedom are computed using the Kenward—Roger approximation. Significance codes: *** p < .001, **

p < .01, *p < 0.05.

Effect F value Df Residual Df p-value

(Intercept) 175.71 1 19.94 < 0.0001 #**
Conditional probability 165.37 1 1416.16 < 0.0001  ***
Relation type 13097 2 1414.13 < 0.0001  *%**
Judgment metric (P / A) 23.26 1 1413.00 < 0.0001  ***
Cond. prob. x Relation 2587 2 1416.33 < 0.0001  ***
Cond. prob. x Metric 18.60 1 1413.00 < 0.0001  *%**
Relation x Metric 254 2 1413.00 0.079 .
Cond. prob. x Relation x Metric 6.18 2 1413.00 0.002  **

Table 17: Type III ANOVA table for fixed effects in the mixed-effects model of Liama 70B (CoT) judgments.
Probability and acceptability ratings are predicted by conditional probability, relation type, and judgment type.
Degrees of freedom are computed using the Kenward—Roger approximation. Significance codes: *** p < .001, **
p < .01, *p < 0.05.
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Effect Fvalue Df Residual Df p-value

(Intercept) 312.63 1 20.73 < 0.0001 F**
Conditional probability 2443 1 1416.32 < 0.0001  *%**
Relation type 188.00 2 1413.85 < 0.0001  ***
Judgment metric (P/ A) 14.43 1 1413.00 < 0.001  ***
Cond. prob. x Relation 65.29 2 1416.77 < 0.0001  ***
Cond. prob. x Metric 21.09 1 1413.00 < 0.0001  *%*%*
Relation x Metric 250 2 1413.00 0.083

Cond. prob. x Relation x Metric 1.60 2 1413.00 0.202

Table 18: Type III ANOVA table for fixed effects in the mixed-effects model of Qwen 72B (CoT) judgments.
Probability and acceptability ratings are predicted by conditional probability, relation type, and judgment type.
Degrees of freedom are computed using the Kenward—Roger approximation. Significance codes: *** p < .001, **
p < .01, *p < 0.05.

Effect F value Df Residual Df  p-value
(Intercept) 190.62 1 213.73 < 0.0001 ***
Conditional probability 80.76 1 234.87 < 0.0001 #**
Relation type 116.15 2 235.95 < 0.0001 *w*
Judgment metric (P/ A) 1.94 1 1190.22 0.164
Cond. prob. x Relation 22773 2 238.67 < 0.0001 ww*
Cond. prob. x Metric 1.12 1 655.91 0.290
Relation x Metric 2.07 2 786.15 0.127
Cond. prob. x Relation x Metric 1.09 2 641.12 0.335

Table 19: Type III ANOVA table for fixed effects in the mixed-effects model of Human judgments. Probability and
acceptability ratings are predicted by conditional probability, relation type, and judgment type. Degrees of freedom
are computed using the Kenward-Roger approximation. Significance codes: *** p < .001, ** p < .01, * p < 0.05.
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Low Cond. Prob. IRR x NEG IRR x POS NEG x POS

Estimate P Estimate P Estimate P
Llama 8B (vanilla) —0.09 < 0.001 —0.13 < 0.001 —0.04 0.148
Llama 70B (vanilla) —0.07 0.009 0.01 0.827 0.08 0.065
Qwen 7B (vanilla) —0.01 0.684 —0.13 < 0.0001 —0.12 < 0.0001
Qwen 72B (vanilla) —0.02 0.232 —0.13 < 0.0001 —-0.10 < 0.0001
Llama 8B (few-shot) —0.06 0.030 —0.16 < 0.0001 —0.11 0.001
Llama 70B (few-shot) —0.07 0.001 —-0.07 0.025 0.00 0.906
Qwen 7B (few-shot) —0.05 0.063 —0.18 < 0.0001 —-0.13 < 0.0001
Qwen 72B (few-shot) —0.03 0.263 —-0.11 < 0.001 —0.08 0.007
Llama 70B (CoT) —0.11 < 0.0001 —0.24 < 0.0001 —0.12 < 0.001
Qwen 72B (CoT) —0.01 1.000 —-0.10 0.003 —0.09 0.003
Human 0.01 0.421 —0.13 < 0.0001 —0.15 < 0.0001
Medium C. Prob. IRR x NEG IRR x POS NEG x POS

Estimate P Estimate P Estimate P
Llama 8B (vanilla) —0.14 < 0.0001 —0.27 < 0.0001 —-0.13 < 0.0001
Llama 70B (vanilla) —0.09 0.001 —0.02 0.598 0.06 0.033
Qwen 7B (vanilla) —0.07 < 0.0001 —0.24 < 0.0001 —0.17 < 0.0001
Qwen 72B (vanilla) —0.21 < 0.0001 —0.30 < 0.0001 —-0.09 < 0.0001
Llama 8B (few-shot) —0.16 < 0.0001 —0.26 < 0.0001 —0.09 < 0.0001
Llama 70B (few-shot) —0.25 < 0.0001 —0.16 < 0.0001 0.09 < 0.0001
Qwen 7B (few-shot) —0.18 < 0.0001 —0.24 < 0.0001 —0.06 0.001
Qwen 72B (few-shot) —0.20 < 0.0001 —0.25 < 0.0001 —0.04 0.004
Llama 70B (CoT) —0.27 < 0.0001 —0.28 < 0.0001 —0.01 0.459
Qwen 72B (CoT) —0.27 < 0.0001 —0.32 < 0.0001 —0.05 0.002
Human —0.08 < 0.0001 —0.32 < 0.0001 —0.24 < 0.0001
High Cond. Prob. IRR x NEG IRR x POS NEG x POS

Estimate D Estimate P Estimate P
Llama 8B (vanilla) —0.19 < 0.0001 —0.41 < 0.0001 —0.22 < 0.0001
Llama 70B (vanilla) —0.10 0.065 —0.05 0.331 0.05 0.540
Qwen 7B (vanilla) —0.14 < 0.0001 —0.35 < 0.0001 —0.21 < 0.0001
Qwen 72B (vanilla) —0.40 < 0.0001 —0.47 < 0.0001 —-0.07 0.001
Llama 8B (few-shot) —0.27 < 0.0001 —0.35 < 0.0001 —0.08 0.036
Llama 70B (few-shot) —0.44 < 0.0001 —0.25 < 0.0001 0.19 < 0.0001
Qwen 7B (few-shot) —0.30 < 0.0001 —0.30 < 0.0001 0.00 0.972
Qwen 72B (few-shot) —0.38 < 0.0001 —0.39 < 0.0001 —0.01 0.714
Llama 70B (CoT) —0.42 < 0.0001 —0.33 < 0.0001 0.09 0.001
Qwen 72B (CoT) —0.52 < 0.0001 —0.54 < 0.0001 —0.01 1.000
Human —0.17 < 0.0001 —0.52 < 0.0001 —0.34 < 0.0001

Table 20: Pairwise comparisons of estimated marginal means at low, medium, and high conditional probability for
all LLMs and humans. SE: 0.01 — 0.04 for all. Statistical significance at p < 0.05.
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Figure 7: Scatterplots of data points and trend lines for all vanilla LLMs, divided by relation type.

### Instruction:

You will be given an assumption and a sentence:
- Assumption: a supposition to treat as true
- Sentence: the claim to evaluate

Given the assumption, how probable is it that the sentence is true? Your answer must be a single number between 0 and
100, where:

- 0 means "completely improbable"

- 100 means "highly probable"

Respond only with this number and nothing else.
### Output Format:
Answer: <number>

### Input:

Context: Nicole’s skin is pale and she wants a suntan with a mild brown color. It is summer, the weather is nice, and
there is a beach nearby. Unfortunately, Nicole’s skin is very sensitive to the sun, and she is somewhat bad at controlling
the amount of her exposure to the sun.

Assumption: Suppose Nicole sunbathes on the beach.
Sentence: She will get sunburned

Figure 8: Prompt for eliciting conditional probability judgments (vanilla version).
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### Instruction:

Rate the probability of the following statement. Your answer must be a single number between 0 and 100, where:
- 0 means "completely improbable"
- 100 means "highly probable"

Respond only with this number and nothing else.

### Output Format:

Answer: <number>

### Input:

Context: Nicole’s skin is pale and she wants a suntan with a mild brown color. It is summer, the weather is nice, and

there is a beach nearby. Unfortunately, Nicole’s skin is very sensitive to the sun, and she is somewhat bad at controlling
the amount of her exposure to the sun.

Statement: If Nicole sunbathes on the beach, then she will get sunburned.

Figure 9: Prompt for eliciting If A, then B probability judgments (vanilla version).

### Instruction:
If a statement is considered "acceptable", it means that the information expressed by it is reasonable given some context
or prior knowledge about the world.

Rate the acceptability of the following statement. Your answer must be a single number between 0 and 100, where:
- 0 means "completely unacceptable"
- 100 means "highly acceptable"

Respond only with this number and nothing else.

### Output Format:

Answer: <number>

### Input:

Context: Nicole’s skin is pale and she wants a suntan with a mild brown color. It is summer, the weather is nice, and

there is a beach nearby. Unfortunately, Nicole’s skin is very sensitive to the sun, and she is somewhat bad at controlling
the amount of her exposure to the sun.

Statement: If Nicole sunbathes on the beach, then she will get sunburned.

Figure 10: Prompt for eliciting If A, then B acceptability judgments (vanilla version).

Context: Luisa wants to pick up some groceries on her way home from work because she needs the ingredients to cook
her favorite meal tonight. However, the supermarket is very small and does not always carry all the things that other
supermarkets do. Driving to a bigger supermarket would take a very long time, but she is already pretty hungry.
Example 1 (High probability):

Statement: If Luisa drives to a bigger supermarket, she will find all the ingredients she needs.
Answer: 92

Example 2 (Moderate probability):

Statement: If Luisa drives to the small supermarket, she will find all the ingredients she needs.
Answer: 57

Example 3 (Low probability):

Statement: If Luisa goes straight home, she will find all the ingredients she needs.
Answer: 12

Figure 11: Example context and statements used in the few-shot prompt variants.
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Example 1 (High probability):

Statement: If Luisa drives to a bigger supermarket, she will find all the ingredients she needs.

Reasoning:

1. The context tells us that Luisa is looking for specific ingredients to cook her favorite meal.

2. Bigger supermarkets are generally well-stocked and carry a wider variety of products.

3. It is reasonable to expect that she will find the necessary items there.

4. Although there’s a small chance that something might be out of stock, this doesn’t undermine the general plausibility.
5. Therefore, the statement expresses a reasonable and plausible scenario.

Answer: 95

Example 2 (Moderate probability):

Statement: If Luisa drives to the small supermarket, she will find all the ingredients she needs.
Reasoning:

1. The context tells us that the small supermarket does not always carry everything other supermarkets do.
2. This implies that its inventory is limited or inconsistent.

3. This makes it uncertain whether it has the full range of ingredients she needs.

4. While the statement is not impossible, it’s not strongly supported by what we know.

5. Therefore, the statement is somewhat acceptable, but questionable.

Answer: 51

Example 3 (Low probability):

Statement: If Luisa goes straight home, she will find all the ingredients she needs.

Reasoning:

1. The context tells us that Luisa wants to stop for groceries because she needs ingredients, implying that she does not
already have the ingredients at home.

2. If she skips the store and goes straight home, she is unlikely to have everything required for the meal.

3. The statement contradicts her reason for going to the store in the first place.

4. While there’s always a slim chance she forgot she already has everything, this is implausible.

5. Therefore, the statement is largely unacceptable.

Answer: 8

Figure 12: Example statements and reasoning used in the acceptability CoT prompt variants.
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