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Abstract

Human reasoning often involves working
over limited information to arrive at prob-
abilistic conclusions. In its simplest form,
this involves making an inference that is
not strictly entailed by a premise, but rather
only likely given the premise. While reason-
ing LLMs have demonstrated strong perfor-
mance on logical and mathematical tasks,
their behavior on such open-ended, non-
deterministic inferences remains largely un-
explored. We introduce PROBCOPA, a
dataset of 210 handcrafted probabilistic in-
ferences in English, each annotated for in-
ference likelihood by 25–30 human partic-
ipants. We find that human responses are
graded and varied, revealing probabilistic
judgments of the inferences in our dataset.
Comparing these judgments with responses
from eight state-of-the-art reasoning LLMs,
we show that models consistently fail to pro-
duce human-like distributions. Finally, ana-
lyzing LLM reasoning chains, we find evi-
dence of a common reasoning pattern used to
evaluate such inferences. Our findings reveal
persistent differences between humans and
LLMs, and underscore the need to evaluate
reasoning beyond deterministic settings.1

1 Introduction

Much of the day-to-day reasoning that humans do
involves working over partial information to arrive
at probabilistic conclusions (Oaksford and Chater,
2007). Consider:

(1) There was an accident on the highway. −→
Traffic was worse than usual.

(2) There was an accident on the highway. −→
Traffic was largely unaffected.

1All data and code can be found at github.com/
McGill-NLP/probabilistic-reasoning

In the absence of any further context, (1) and (2)
involve conclusions that may or may not be true
given the information presented. Instead, the two
conclusions are only likely or unlikely to varying
degrees given the context. Although (1) is likely, it
is not guaranteed—perhaps everyone avoided the
highway after hearing the news, leading to less traf-
fic. Conversely, although (2) is unlikely, it cannot
be ruled out completely—maybe the vehicles in-
volved were swiftly moved out of the way, leading
to minimal impact on traffic. We refer to such rea-
soning as probabilistic reasoning, and individual
inferences of the kind in (1) and (2) as probabilistic
inferences.

What does such reasoning look like in humans
and large language models (LLMs)? In this pa-
per, we provide initial insights into this question.
We compare probabilistic reasoning in humans and
LLMs, in terms of their respective judgments to-
wards a range of commonsense probabilistic infer-
ences (see Figure 1). Overall, we find that while
models generally align with human judgments for
probabilistic inferences deemed highly likely or
highly unlikely, they consistently struggle to align
with human judgments towards probabilistic infer-
ences where annotators show more uncertainty (i.e.,
inferences that were deemed neither highly unlikely
nor highly likely) and almost never show human-
level judgment variation across sampled responses.
We make the following contributions:

• We introduce PROBCOPA, a novel dataset
of 210 handcrafted probabilistic inferences in
English, with at least 25 human annotations
per item.

• We highlight persistent differences between
humans and LLMs in their judgments towards
such probabilistic inferences.

• We identify patterns in LLM reasoning chains
that shed light on how they arrive at their final
responses in these contexts.
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2 The PROBCOPA Dataset

2.1 Data Construction
We aim to study inferences that are not strictly
logically entailed, but rather those that lie on a
range of likelihood given a premise. Due to the
limitations of existing NLI datasets in this regard
(see Section 7), we construct our own corpus of
probabilistic inferences.

We begin with the Choice of Plausible Alter-
natives (COPA) dataset (Roemmele et al., 2011),
which consists of 1,000 manually handcrafted
items that probe commonsense reasoning.

(3) Premise: A drought occurred in the region.
What happened as a result?
a. Alternative 1: The crops perished.
b. Alternative 2: The water became con-

taminated.

As the example in (3) illustrates, each COPA
item consists of a single premise together with two
possible effects or causes. For each pair of alter-
natives, one alternative is more plausible than the
other; accordingly, the original task formulation in-
volves choosing the more likely alternative among
the two ((3a) in this example). Importantly, how-
ever, both alternatives are designed to be at least
slightly plausible given the premise.

To construct our dataset, we therefore split each
COPA item into two NLI-style items, such as (4)
and (5):

(4) P: A drought occurred in the region.
H: The crops perished.

(5) P: A drought occurred in the region.
H: The water became contaminated.

Crucially, although the alternatives are designed
to yield clear preferences when evaluated against
each other, when each is evaluated in isolation, they
constitute probabilistic inferences with varying de-
grees of plausibility or likelihood.

Due to frequently-attested complexities in peo-
ple’s estimation of causal likelihood (Eddy, 1982;
Villejoubert and Mandel, 2002; Krynski and Tenen-
baum, 2007; Stilgenbauer et al., 2017), we exclude
COPA items that ask participants to reason over
possible causes, and only include those that elicit
judgments on effect likelihood given a premise.
We take a random sample of 105 such items from
the COPA test set and split each of these as de-
scribed above, resulting in 210 probabilistic infer-
ences framed as NLI-style items.

P: The criminal ran away from the police.
H: The police attended to the victim.

p(H | P)?

H is highly likelyH is highly unlikely

Figure 1: High-level overview of our paper. We
use PROBCOPA, a novel dataset of probabilistic
inferences, to collect judgments of inference like-
lihood from humans and models, and study how
well these align with one another.

2.2 Human Annotation Procedure

We conducted online crowdsourced experiments
via Prolific2 to obtain human annotations for our
dataset. We recruited 328 native English speakers
based in the U.K., U.S. or Canada; these partici-
pants each annotated up to 30 PROBCOPA items
under the procedure described below. All experi-
mental protocols with humans were approved by
our institution’s Research Ethics Board, and partic-
ipants were paid an average of US$15.00/hr.

The annotation procedure involved crowdwork-
ers being presented with one premise-hypothesis
pair at a time, and rating the likelihood of the hy-
pothesis as a result of the premise (using a slid-
ing scale to return a numerical rating between 0
and 100). Given attested variation in how humans
express likelihood and uncertainty (Change et al.,
2007; Wintle et al., 2019; Ulmer et al., 2025), the
sliding scale was shown to participants along with
an aid suggesting how to partition values along it.

Participants began with five instructional exam-
ples for which they received feedback—this was
meant to both explain the task format to them,
as well as calibrate their responses within broad
ranges of the numerical scale. Following these ex-
amples, participants were presented with a sample
of up to 30 test stimuli, with five attention checks
interspersed in between. The order of test stimuli

2https://www.prolific.com

2058

D
ow

nloaded from
 direct.​m

it.​edu/​tacl/​article-pdf/​doi/​10.​1162/​TAC
L.​a.​791/​2624521/​tacl.​a.​791.​pdf by guest on 20 Septem

ber 2026

https://www.prolific.com


was randomly shuffled for each participant, and all
responses from participants who failed more than
one attention check were discarded.

After discarding data from participants who
failed the attention checks, we were left with be-
tween 25-30 likelihood score annotations (each
from a unique participant) for each of our 210
items, with a median of 28 annotations per item.

Appendix A further details the human annotation
set-up, including screenshots of its user interface.

2.3 Reproducibility of Human Responses

We run two rounds of validation to ensure that
our human responses are reproducible. In the
first, reported further in Section 4.1, we have 30
items re-annotated by 30 new participants, and use
this as a baseline for human-to-human response
comparisons. In the second round, we have the
same 30 items re-annotated by another 30 new
participants, but this time with a slightly differ-
ent prompt wording. We calculate the Spearman
correlation between mean item ratings from our
original annotations and each of these validation
rounds; Spearman’s ρ = 0.98 (p = 4.52e − 20)
and 0.97 (p = 1.22e− 19) for the first and second
validation rounds respectively. Similarly, using
two-sample Kolmogorov-Smirnov tests, we find
no statistically significant differences in human re-
sponse distributions under either of these condi-
tions (α = 0.05). Together, these validation results
suggest our human annotations are strongly repro-
ducible and trustworthy.

3 Analysis of Human Responses

3.1 Methodology

On Normalizing Human Responses Studies
that analyze human responses on a numerical scale
often normalize human ratings (typically via by-
participant z-scoring) to allow for comparisons
across participants who may use the scale differ-
ently (e.g., Sprouse et al., 2013; Mahowald et al.,
2016; Pavlick and Kwiatkowski, 2019). In this
study, however, we deliberately instead work with
the raw likelihood scores from participants, and
analyze their distribution in relation to factors like
human response time or their entropy.

We do so primarily for the following reason:
since our scale explicitly corresponds to event like-
lihood, we often actually want to preserve inter-
annotator differences in scale use. For example, if
an annotator only responds with values between

0 and 95, we argue that this means the annotator
specifically chooses to never assign full likelihood
(100) to an event, and that this behavioral pattern
should not be normalized away. Moreover, given
that participants received guidance and feedback
on scale use prior to and during annotation, and
were subject to attention checks (see Section 2.2,
Appendix A), we trust that their responses reflect
their own likelihood judgments, rather than merely
being artifacts of their scale use.

Metric for Response Spread To quantify how
spread out human responses are for each item, we
use differential entropy, an extension of Shannon
entropy to continuous variables. For a continuous
random variable X with probability density func-
tion f(x), the differential entropy is defined as:

(6) h(X) = −
∫
f(x) log f(x)dx

Higher differential entropy values indicate
greater dispersion in responses, while lower val-
ues indicate more concentration. We employ
differential entropy over other metrics of spread
(such as variance) due to its mathematical proper-
ties—intuitively, it captures the spread of informa-
tion, rather than simply distance from the mean.
For instance, while a bimodal distribution with re-
sponses concentrated at either extreme of our scale
would yield extremely high variance, its differential
entropy would not be as high, as the information re-
mains relatively tightly clustered (even if this is into
two groups). Crucially, however, unlike Shannon
entropy, differential entropy can take negative val-
ues when a distribution is extremely concentrated,
as we see for a handful of items in Figure 4.

3.2 Results

Likelihood scores from humans reveal graded,
probabilistic judgments. Figure 2 (top-left)
shows the overall distribution of likelihood scores
from human annotators, across the whole PROB-
COPA dataset. As it indicates, while the dis-
tribution of likelihood scores across the entire
dataset shows three clear modes—corresponding
to very low, very high, and balanced inference
likelihood—a significant proportion of likelihood
scores provided by annotators lies in between these
modes, corresponding to more graded likelihood
judgments.

In Appendix E, we show how this compares to
similar human response data collected by Pavlick
and Kwiatkowski (2019) on several major NLI
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Figure 2: Distribution of human responses to PROBCOPA. Top-left: Likelihood scores across the
entire dataset are tri-modal, with a significant proportion of responses between these modes; Top-
right: likelihood scores for individual items typically approximate a Beta distribution with one mode;
Bottom-left: items with median responses towards extreme ends of the scale are subject to higher inter-
annotator agreement than for those in the middle ranges; Bottom-right: items with lower inter-annotator
disagreement are (weakly) correlated with longer response times from participants.

datasets. Like ours, the human responses col-
lected by Pavlick and Kwiatkowski (2019) for
these datasets are on a numerical scale, and cor-
respond to the likelihood of hypotheses in NLI
items. Yet importantly, while they are also tri-
modal, hardly any human responses lie between
the three modes—indicating that the items in our
dataset yield significantly more graded, probabilis-
tic judgments than those in existing NLI datasets.

Human likelihood score distributions are al-
most always unimodal. While the overall dis-
tribution of likelihood scores across PROBCOPA
is tri-modal, responses for individual items are al-
most always unimodal. Figure 2 (top-right) shows
the distribution of human likelihood scores for one
such item in our dataset. As it indicates, these
responses approximate a Beta distribution with a
single mode; we find that human responses for
most items across the dataset do so as well. To
confirm that our data is indeed unimodal, we use
Silverman’s (1981) statistical test of multimodality.
The null hypothesis is that the sample distribution
is unimodal; it is not rejected for any item in our
dataset (at α = 0.05).

The items in PROBCOPA therefore further stand
out from those in existing NLI datasets, because

while they are subject to judgment variation, the
fact that this variation is unimodal—rather than
multimodal—suggests that the items are not subject
to qualitative differences in interpretation, as has
been previously reported for NLI datasets (Pavlick
and Kwiatkowski, 2019; Jiang et al., 2023).

Annotators do not collectively agree on a hy-
pothesis having medium likelihood. Figure 2
(bottom-left) shows, for each item in our dataset,
the differential entropy of human likelihood scores
for the item (y-axis) plotted against its median
likelihood score (x-axis). The differential entropy
of human likelihood scores follows a horseshoe-
like shape—items receiving high or low median
likelihood scores are associated with compara-
tively lower differential entropy (i.e., higher inter-
annotator agreement), while items with median
likelihood scores closer to the middle of the scale
are associated with higher differential entropy (i.e.,
lower inter-annotator agreement). Notably, we find
no items for which annotators closely agree on a
hypothesis having medium likelihood.

Higher entropy items are (weakly) correlated
with longer human response times. Figure 2
(bottom-right) shows the differential entropy of
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Figure 3: Distribution of likelihood scores across all PROBCOPA items, from three models. In contrast to
humans (see Figure 2), models rarely return responses indicating medium likelihood, though this tendency
is less extreme with GPT-5. See Figure 11 for the full set of distributions by model.

likelihood scores for each datapoint (y-axis), plot-
ted against the mean time taken by participants
to respond to that datapoint (log-transformed and
z-scored; x-axis). We find a positive correla-
tion between response time and likelihood score
entropy (Spearman’s ρ = 0.31, p = 6.45e −
06)—meaning that, on average, items yielding
lower inter-annotator agreement were also items
that participants took longer to respond to in our ex-
periment. We take this as evidence that the higher
inter-annotator variation for some items is not a
result of noise, but instead relates to item difficulty.

4 Comparison with Responses from
Reasoning LLMs

Having analyzed how humans judge the proba-
bilistic inferences in PROBCOPA, we now turn
to LLMs. In particular, we test reasoning LLMs:
LLMs that are trained to produce intermediate to-
kens (commonly referred to as a reasoning chain)
before outputting a final response (Xu et al., 2025;
Li et al., 2025; Marjanović et al., 2025).3 We
specifically focus on these models as (i) they rep-
resent the state-of-the-art on reasoning tasks, but
(ii) are generally not evaluated on open-ended, non-
deterministic reasoning contexts (see Section 7).

4.1 Methodology

Model Response Format We seek to obtain like-
lihood scores from reasoning models to compare
with those we obtained from humans. While pre-
vious work has used model log-probabilities or
sigmoid/softmax distributions in similar contexts
(Pavlick and Kwiatkowski, 2019; Chen et al., 2020;
Kauf et al., 2024), these are not accessible for most

3Some have criticized the use of terms like ‘reasoning’ and
‘thinking’ on grounds of anthropomorphization (Kambhampati
et al., 2025). Note that while we follow convention in the field
and use terms “reasoning LLMs”, we do not suggest that
reasoning chains are akin to human thoughts.

state-of-the-art reasoning LLMs. Moreover, since
reasoning chains determine these models’ final out-
puts, simply observing model probabilities condi-
tioned on an input may fail to reflect actual output
distributions when intermediate reasoning chains
are generated. Conversely, while uncertainty quan-
tification methods for black-box models may offer
inspiration (e.g., Kuhn et al., 2023; Lin et al., 2024;
Ulmer et al., 2024), these either (i) require gold
labels against which accuracy can be measured, or
(ii) are suited to open-ended generation settings.
But probabilistic inferences by definition do not in-
volve hard labels against which accuracy is a mean-
ingful metric, and our setting involves likelihood
estimates rather than open-ended generations.

For these reasons, following Mei et al. (2026),
we obtain likelihood scores from reasoning LLMs
via verbalized numerical estimates. For each item
in our dataset, we ask the model to reason about
the premise and hypothesis, and then return a value
between 0 and 100 indicating the likelihood of
the hypothesis given the premise. When doing so,
we also provide the model with the same guide
provided to humans describing how to partition
the numerical scale (see Section 2.2). We repeat
this 30 times for each item under the models’ de-
fault temperature settings, to sample 30 likelihood
scores per item for each model. The full prompt
we provide to models is presented in Appendix C.

Metric for Distributional Comparison We
again use differential entropy to quantify the spread
of model likelihood scores (see Section 3.1). To
make distributional comparisons between human
and model scores, however, we need a metric of dis-
tributional similarity. We use Wasserstein distance
(also known as Earth Mover’s Distance). Formally,
for two distributions P and Q, this is defined as:

(7) W1(P,Q) = infγ∈Γ(P,Q) E(x,y)∼γ [|x−y|]
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Figure 4: Item-wise comparisons between Gemini-3 and humans. Top-left: median likelihood scores
from Gemini-3 align with those from humans at extreme ends of the scale, but not in the middle ranges;
Bottom-left: likelihood score distributions from Gemini-3 and humans reflect the same pattern, with
highest divergences for middle-range items (which also saw less inter-annotator agreement); Top-right:
Gemini-3 shows less response diversity than humans for all items; Bottom-right: Gemini-3 on average
reasons longer for items that humans disagree more on.

where Γ(P,Q) denotes the set of all joint distri-
butions with marginals P and Q. Intuitively, this
captures the ‘cost’ of transforming one probability
distribution into the other; higher values indicate
lower distributional similarity, and lower values
indicate higher similarity.4

Models Tested We test a range of contempo-
rary reasoning LLMs from different providers:
Gemini-3 (Gemini Team, 2025), GPT-5 (Ope-
nAI, 2025a), Claude Sonnet-4.5 (Anthropic, 2025),
Qwen3 (Qwen Team, 2025), Kimi-K2 (Kimi Team,
2025), GLM-4.6 (GLM-4.5 Team, 2025; Z.AI,
2025), DeepSeek-R1 (DeepSeekAI et al., 2025),
and Grok-4.1 Fast (xAI, 2025). For exact model
versions and inference details, see Appendix B.

Human Baseline When evaluating how closely
model responses align with human likelihood
scores, we also want a baseline of how well other
humans can approximate these same scores. To
establish this baseline, we therefore have a random
sample of 30 PROBCOPA items re-annotated by a

4We use this measure of distributional similarity over KL-
divergence (another popular metric of distributional diver-
gence), because unlike the latter, it does require the distribu-
tions to have matching support—model and human responses
need not cover the same ranges of the likelihood scale.

fresh set of participants, under the same annotation
procedure reported in Section 2.2. When compar-
ing a reasoning LLM’s likelihood scores with those
of PROBCOPA annotators, we then use this hold-
out participant group’s annotations to compute a
baseline for human-to-human response similarity.

4.2 Results
Models rarely indicate medium likelihood. Fig-
ure 3 shows the overall distribution of likelihood
scores (across all PROBCOPA items) for Gemini-3,
Kimi-K2, and GPT-5. As it demonstrates, models
exhibit a tendency not to return likelihood scores
in the middle of the scale (i.e., those indicating
medium likelihood). Though this tendency is least
extreme for GPT-5 (see Figure 11 in Appendix E
for the full set of model likelihood score distribu-
tions), it too rarely returns values in the very mid-
dle of the scale. Models thus appear committed to
strong judgments of inference likelihood, support-
ing prior findings that they are often overconfident
(see Section 7).

Model responses align with human responses
more for low- and high-likelihood items than
those in between. Figure 4 (top-left) shows the
median human likelihood score (x-axis) against
the median score from Gemini-3 (y-axis) for each
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Figure 5: Distribution of item-wise Wasserstein distances between human and model likelihood score
distributions. Ensembling the outputs of all models yields better distributional alignment with human
judgments, but still falls short of the human-human baseline.

PROBCOPA item. As it suggests, while median
responses from the model are similar to those from
humans at the two extreme ends of the scale, this
relationship breaks down closer to the middle of
scale (since, as mentioned, models avoid responses
in this range). As our baseline indicates, however,
other humans are capable of reproducing similar
median judgments for items across the scale.

We find this trend also holds when comparing en-
tire distributions. Figure 4 (bottom-left) shows, for
the same model, item-wise Wasserstein distances
(y-axis) between human and model responses, as
a function of the median likelihood score (x-axis)
and differential entropy (color) from humans. As
the plot suggests, distributional similarity between
model and human likelihood scores is highest for
items that humans collectively deem highly likely
or unlikely, and lowest for items without such a con-
sensus. Once again, however, we find no such pat-
tern in our human baseline, which shows roughly
the same degree of distributional similarity between
our original and subsequent baseline annotations
across all items. These trends hold for all models
tested; full results are shown in Figures 12 and 13
(Appendix E).

Model responses almost never show as much
variation as human responses. Figure 4 (top-
right) compares, at an item-wise level, the differ-
ential entropy of likelihood scores from Gemini-3
(y-axis) and our original human annotators (x-axis).
As it shows, for every single item in our dataset,
likelihood scores from humans show higher dif-
ferential entropy (in other words, more variation)
than those from Gemini-3. Comparing with our
human baseline, however, reveals roughly similar
response variation between participants. Results
for the full set of models tested are presented in Fig-
ure 14 in Appendix E; models almost never show
more variation in their responses than humans.

We run follow-up experiments with the same
random sample of 30 items we use for our human
baseline, and find that adjusting temperature does
not yield human-level response entropy from mod-
els; when increasing temperature, models will often
devolve to generating endless sequences of random
tokens before ever achieving human-like response
variability. Similarly, we find that persona prompt-
ing (Zheng et al., 2024; Luz de Araujo et al., 2025)
similarly has limited effects, and fails to deliver
human-level response variation. These results are
shown in Figures 15a and 15c, and support the
general finding that state-of-the-art models often
struggle to represent human variation (Santurkar
et al., 2023; Zhang et al., 2026).

Increased reasoning effort does not significantly
change models’ likelihood scores. In the same
follow-up study, we also assess whether increasing
reasoning LLMs’ reasoning effort parameters lead
to significantly different outputs. For each item in
human baseline random sample, we compare the
median likelihood score produced under ‘low’ and
‘high’ reasoning effort parameters5, and use boot-
strapped 95% confidence intervals for these me-
dians to check for statistical significance. Across
all 30 items in the sample, and across all models,
we never find any case of higher reasoning effort
leading to a statistically significant difference in
median likelihood score. Notably, these findings
contrast those from Mei et al. (2026), who find that
increased reasoning yields more overconfidence.
See Figure 15b for further details.

Ensembling model responses leads to better
(but not human-like) alignment with human re-
sponse distributions. Figure 5 shows, for each

5For Gemini-3 and Claude Sonnet-4.5, we use thinking
budgets of 512 and 4096 respectively to simulate the contrast
between ‘low’ and ‘high’ reasoning effort.
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Model Premise Hypothesis Reasoning Chain Extract

Kimi-K2-
Thinking

The tire on my
bike was flat.

I pumped air
into the tire.

...When a bike tire is flat, the most common and logical action is to pump air into it...
However, there are other possibilities: ... They might not fix it at all... They might
replace the tube/tire entirely... they might take it to a shop...

DeepSeek-R1 The girl looked
pale.

Her father read
her a story.

...This is an action a parent might take to comfort a child... However, it’s not the only
response. The father might giver her medicine, ask what’s wrong, take her to a
doctor, or just let her rest...

GLM-4.6 The man
anticipated the
team’s victory.

He made a bet
with his
friends.

...when people anticipate a victory for a team they support, they might be more
inclined to bet on that outcome... However... They might not be gamblers... They
might not have money to bet... They might be satisfied with just watching the game...

Table 1: Sample excerpts of reasoning chains from different models, demonstrating the explicit considera-
tions of alternative outcomes of the premise (highlighted in yellow).

model tested, the distribution of item-wise Wasser-
stein distances between model and human like-
lihood score distributions. As it demonstrates,
model-human distributional differences are far
higher than human-human distributional differ-
ences; ensembling model responses reduces this
gap, but still falls short of the human baseline.

5 Analyzing LLM Reasoning Chains

Finally, we study reasoning LLMs’ reasoning
chains, to identify common patterns in how they
reason over probabilistic inferences.

Models use more tokens on items subject to
lower agreement among humans... Figure 4
(bottom-right) shows, for each PROBCOPA item,
the mean reasoning chain length from Gemini-3
(y-axis; measured in tokens) against the differential
entropy of human likelihood scores for that same
item (x-axis). We see a clear correlation (Spear-
man’s ρ = 0.50, p = 2.10e− 14) between reason-
ing chain length and human differential entropy:
on average, items that humans showed more un-
certainty on yielded longer LLM reasoning chains.
Table 4 in Appendix E shows these results for all
models tested: most show at least modest correla-
tions (ρ ≥ 0.30), even if these are weaker than for
Gemini-3.

...but correlations with human response time are
much weaker. Despite this, we find that correla-
tions between reasoning chain length and human
response time (log-transformed and by-participant
z-scored) are far lower. Table 4 shows these cor-
relations for all models tested. While the high-
est correlation achieved between reasoning chain
length and human differential entropy is 0.50 (from
Gemini-3), the highest such correlation between
reasoning chain length and human response time is

only 0.25 (from Qwen-3). This indicates that while
reasoning chain lengths may carry some relation-
ship with how human judgments are distributed,
relations to human cognitive load are far less clear.

Models explicitly reason over alternatives to ar-
rive at likelihood judgments. For more qualita-
tive insights into how models reason over PROB-
COPA items, we manually inspect a random sam-
ple of 100 reasoning chains across all model re-
sponses. Doing so, we find a common pattern: 90
out of the 100 reasoning chains sampled include
explicit considerations of alternative scenarios that
are used to frame the model’s final response. Ta-
ble 1 shows some examples of this pattern, across
different models. Though subject to questions of
faithfulness (see Lanham et al., 2023; Xiong et al.,
2026; Chen et al., 2025), the consistent use of al-
ternative scenarios points to a common reasoning
pattern across models, and invites further questions
into how well this aligns with humans.

6 Discussion

Our results offer initial insights into how models
reason in open-ended, non-deterministic settings,
and point to the potential of further research in this
area. For instance, our findings indicate that the
tendency for models to be overconfident in their
outputs (Mielke et al., 2022; Mei et al., 2026; Tian
et al., 2023) is reflected even in open-ended in-
ferences that are inherently uncertain; the models
we test rarely indicate medium likelihood, and in-
stead consistently favor more extreme likelihood
scores. Similarly, our experiments reveal persis-
tent differences between humans and models, with
models failing to closely align with human judg-
ment distributions, and producing far less variation
in their responses than humans, even with differ-
ent temperature settings (see Section 4.2). Such
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issues of human-model similarity are of increasing
importance as LLMs are used in human-focused
settings (see e.g., Maity and Saikia, 2025; Wilcox
et al., 2025; Anthis et al., 2025), and our work re-
iterates the need to assess models vis-à-vis these
comparisons.

Conversely, our findings carry relevance for stud-
ies of human reasoning. Most notably, the graded,
probabilistic judgments we see from our study par-
ticipants (see Section 3.2) serve as empirical ev-
idence of the probabilistic aspects of human rea-
soning and inference (Oaksford and Chater, 2007).
Likewise, the observation that our human judgment
distributions are unimodal stands out from recent
work finding significant (often bimodal) human
judgment variation towards NLI data (Pavlick and
Kwiatkowski, 2019; Nie et al., 2020; Jiang et al.,
2023), and suggests that sharp divergences in these
judgments may not arise if the correct data is used
(see also Jiang and de Marneffe, 2022).

More broadly, the data we collect has significant
potential in the context of model calibration eval-
uation and probability estimation. For example,
Jiang et al. (2024) argue that scalar annotations
(such as ours) are a scalable way to estimate model
calibration without sensitivity to different binning
schemes (see Nixon et al., 2019). Similarly, Wang
et al. (2025) present a framework for conditional
probability estimation by fine-tuning models on
probabilistic labels—and PROBCOPA offers high-
quality human data for this exact setting.

7 Related Work

Reasoning in Humans Foundational work in
modern mathematics and linguistics characterized
inference patterns vis-à-vis formal logic (Frege
et al., 1879; Tarski, 1936; Montague, 1970). Empir-
ical research in psychology, however, has since sug-
gested these are not in line with everyday human
reasoning patterns, as several studies point to recur-
rent logical ‘fallacies’ from humans (e.g., Wason
1968; Evans et al. 1983, 1999; Klauer et al. 2000,
see Evans 2002 for a review). Most notably, Wason
(1968) found people frequently making faulty in-
ferences from simple conditional statements, while
Evans et al. (1983) showed that people often accept
logically invalid arguments if their conclusions are
believable. Oaksford and Chater (2007) thus argue
that human reasoning should instead be understood
in terms of probabilistic beliefs—a motivation we
operationalize in this study.

Natural Language Inference In NLP, textual in-
ferences are most often formalized via the natural
language inference (NLI) task. Given a premise P
and hypothesis H , the task traditionally involves
classifying the pair as having an entailment, con-
tradiction or neutral relation (Dagan et al., 2005).6

NLI has been used to study both specific types of
inferences in NLP systems (e.g., Chen et al., 2020;
Bhagavatula et al., 2020; Tian et al., 2021; Liu
et al., 2023; Zhang et al., 2017; Jeretic et al., 2020)
as well as general natural language understanding
(see Poliak, 2020; Madaan et al., 2025). A growing
body of research, however, reveals significant hu-
man judgment variation in NLI tasks (de Marneffe
et al., 2012; Pavlick and Kwiatkowski, 2019; Nie
et al., 2020; Jiang and de Marneffe, 2022; Jiang
et al., 2023; Weber-Genzel et al., 2024; Kulmizev
et al., 2026). Crucially, this line of work indicates
that items in popular NLI datasets, such as SNLI
(Bowman et al., 2015) and MNLI (Williams et al.,
2018), are subject to judgment variation that goes
beyond noise or crowdworker errors (Pavlick and
Kwiatkowski, 2019; Weber-Genzel et al., 2024).

Closest to our work, Chen et al. (2020) study
NLI probabilistically, re-annotating the SNLI
dataset using a continuous scale. While their work
is thus similar to ours in motivation, the data they
use prevents the kind of analysis we conduct. As
Nighojkar et al. (2023) note, the authors use the
mean of only 2-3 crowdworker annotations as the
gold label for each item. But SNLI items have
been shown to yield bimodal judgment distribu-
tions (Pavlick and Kwiatkowski, 2019), making
these averages potentially misleading; if one anno-
tator judges an inference as highly likely, and the
other judges the opposite, the resulting mean would
indicate medium likelihood, despite no annotator
believing this. These limitations motivate us to
construct our own dataset, detailed in Section 2.

Reasoning LLMs Reasoning LLMs, like Ope-
nAI’s o3 (OpenAI, 2025b) or DeepSeek AI’s
DeepSeek-R1 (DeepSeekAI et al., 2025), are
trained to produce intermediate tokens (known
as a reasoning chain or thinking trace) before
outputting a final response (Xu et al., 2025; Li
et al., 2025; Marjanović et al., 2025). These LLMs
present strong reasoning capabilities, with major
gains on code and reasoning benchmarks (OpenAI,

6Entailment and contradiction in NLI often do not align
with strict logical entailment and contradiction; see Zaenen
et al. (2005); Manning (2006); Crouch et al. (2006) for more.
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2024; DeepSeekAI et al., 2025; Kimi Team et al.,
2025; Qwen Team et al., 2025; Liu et al., 2025a).

Crucially, however, this work is largely centered
around mathematical and logical reasoning. The
training pipelines behind reasoning LLMs typically
involve math or coding tasks that are automatically
verifiable (Lambert et al., 2024; Liu et al., 2025a).
Similarly, in evaluation, reasoning capabilities are
typically assessed via math and coding datasets
like AIME (Mathematical Association of Amer-
ica, 2024) and SWE-BENCH (Jimenez et al., 2024)
(see e.g., DeepSeekAI et al., 2025; OpenAI, 2024,
2025b; Kimi Team et al., 2025; Qwen Team et al.,
2025).

Some work has looked at how LLMs reason
with probabilities (Marzoev et al., 2026; Pourne-
mat et al., 2025; Paruchuri et al., 2024; Xia et al.,
2024; Nafar et al., 2025). But this work mostly fo-
cuses on probability theory and explicit statistical
distributions (e.g., calculating percentiles), rather
than open-ended reasoning contexts that may not
involve explicit probability theory (see e.g., Ta-
ble 1). A notable exception is from Wang et al.
(2025), who focus on LLMs’ conditional probabil-
ity estimation abilities in a setting closer to ours,
finding that fine-tuning LLMs on probabilistic la-
bels improves these abilities in models. Our work
is complementary to these efforts, as we present
high-quality, human-annotated data that can act as
reliable ground-truth labels for this task.

Uncertainty Quantification for LLMs Uncer-
tainty quantification (UQ) in the context of LLMs
asks how certain or confident models are of their
outputs, typically in contrast to some measure of
how certain or confident they should be (Ulmer,
2024; Liu et al., 2025b; Shorinwa et al., 2025).

Since we are only interested in the likelihood
LLMs assign to probabilistic inferences—rather
than their uncertainty around such estimates—our
work is slightly outside the scope of traditional
UQ methods (see Lin et al., 2024). Nevertheless,
some work in the domain is highly relevant to our
analysis.

Several studies have examined how LLMs ex-
plicitly verbalize uncertainty, both through numeri-
cal estimates or linguistic markers (Lin et al., 2022;
Yona et al., 2024; Tian et al., 2023; Belém et al.,
2024, see Ulmer et al. 2025 for an overview). Much
of this line of work finds that LLMs are overconfi-
dent, often being more confident of their outputs
than is warranted (Mielke et al., 2022; Tian et al.,

2023; Krause et al., 2023; Mei et al., 2026). Closest
to our study, Mei et al. (2026) find that reasoning
LLMs are typically overconfident, and that deeper
reasoning from models leads to greater overconfi-
dence. Interestingly, while our results align with
LLMs being overconfident, they do not show any
clear effects of reasoning effort (see Section 4.2).

8 Conclusion

In this paper, we assessed probabilistic reasoning
in both humans and LLMs, using PROBCOPA, a
novel dataset of 210 probabilistic inferences in En-
glish, each with at least 25 human annotations. We
find significant differences between how humans
and reasoning LLMs judge probabilistic inferences,
with models failing to match human judgment dis-
tributions or produce human-level output variation.
Furthermore, we analyze model reasoning chains,
and identify common reasoning patterns, but mixed
correlations with human behavior. Our findings
raise further questions about why these trends arise
across reasoning LLMs, and invite future studies
into the causal effects of different stages of pre- and
post-training on this downstream behavior. More
generally, we hope our work inspires further re-
search on reasoning in open-ended, human-like
and non-deterministic contexts.

Limitations

Besides being limited to English, our study is sub-
ject to other limitations we highlight below.

Verbalized Likelihood Scores While we argue
that reasoning LLMs are best-suited to verbalized
likelihood scores for the purposes of our study (see
Section 4.1), questions remain around how faithful
these generally are (Tian et al., 2023; Kumar et al.,
2024). We thus hope that future work identifies
other methods for likelihood elicitation that are
suited to the specific nature of reasoning models.

COPA-Derived Items Our dataset is novel, but
its items are derived from COPA (Roemmele et al.,
2011), an older dataset that likely features in the
training data of most models. Since our re-framing
of the task around these items yields new judgments
compared to the original COPA gold labels (see
Section 2.1), we do not believe that we are testing
on a task the model has already been trained on;
nevertheless, it is possible that the presence of the
some of these sentences in the training data affects
model behavior towards them.
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A PROBCOPA Human Annotation
Procedure

Human annotators recruited via Prolific partici-
pated in our crowdsourced experiment that we
ran using a custom website built on HTML and
JavaScript. After reviewing and accepting a con-
sent form, participants were presented with instruc-
tional examples that demonstrated the task format.
Figure 6 shows the first such instructional example:
participants are presented with the general task for-
mat, and requested to provide a response using the
slider. Note that we framed hypotheses as possible
effects of premises due to the original setting of
COPA items, as well as because doing so offers
an intuitive interpretation of inference likelihood.
Upon submitting a response, they would receive
automatic feedback based on the range in which
they responded. In this phase, we aimed to use sim-
ple examples for which most people would share
a broad consensus on likelihood ranges. Figure 7
shows an example of such feedback, if participants
provided the ‘wrong’ response (participants would
also receive positive feedback if they responded
within the intended ranges of the scale). Partic-
ipants were presented with 5 such instructional
examples that familiarized them with low, middle,
and high ranges of the scale.

Upon completion of this instructional phase, par-
ticipants were informed that they would now enter
the main phase of the experiment, for which there
were no ‘right’ or ‘wrong’ answers. Figure 8 shows
an example of the UI in this main phase. Partici-
pants were presented with up to 30 PROBCOPA
items sequentially (with similarly formatted atten-
tion checks interspersed); they provided responses
for each, and were given no further feedback. At
the end of the experiment, participants were given
the chance to raise any comments or questions
about how the experiment was conducted; we re-
ceived no feedback indicating any difficulty with
the task.

As mentioned in Section 2.3, we also ran two
rounds of human validation after obtaining our orig-
inal annotations. In the first, we re-ran the exact
same experiment with 30 new participants (on a
subset of the data); in the second, we also adjusted
the prompt wording slightly. Figure 9 shows an ex-
ample from this second round of human validation,
where we align the exact task wording more closely
with the prompt provided to LLMs (see Appendix
C). Note that in both rounds of human validation,

we obtained response distributions that were not
statistically significantly different from our original
annotations (see Section 2.3).

B Model Inference Details

Model Name Exact Model Version

Gemini-3 gemini-3-pro-preview
GPT-5 gpt-5-2025-08-07
Claude Sonnet-4.5 claude-sonnet-4-5-20250929
Qwen3 Qwen3-235B-A22B-Thinking-2507
Kimi-K2 Kimi-K2-Thinking
GLM-4.6 GLM-4.6
Grok-4.1 Fast grok-4.1-fast
DeepSeek-R1 DeepSeek-R1

Table 2: Exact model versions used in this study.

Table 2 shows the exact models used in this study.
We ran inference on Gemini-3 using the Gemini
API; GPT-5 using the OpenAI API; Claude Sonnet-
4.5 using the Anthropic API; and Qwen3, Kimi-K2,
GLM-4.6 and DeepSeek-R1 using the Together
AI API. For all of these models, we made API
calls using each respective provider’s Batch API
functionality. We ran inference on Grok-4.1 Fast
using OpenRouter’s API (which did not offer a
Batch API functionality).

Temperature values were set to model defaults
except when running temperature experiments (see
Figure 15a, Section 4.2). Reasoning effort was
set to ‘medium’ for GPT-5, Qwen3, Kimi-K2,
GLM-4.6 and DeepSeek-R1 (which take this argu-
ment) while ‘thinking budget’ was set to 1024 for
Claude Sonnet-4.5 and Gemini-3 (which take this
argument instead)—once again, except when run-
ning reasoning effort experiments (see Section 4.2).
Note that although the Gemini API documenta-
tion suggests that the model accepts a ‘reasoning
effort’ parameter, at the time of running our ex-
periments, this had not been implemented in the
batch API functionality—which is why we instead
controlled the ‘thinking budget’ parameter for the
model. Maximum new token limits were set to
2048 for the main experiment and persona prompt-
ing experiments, and increased to 4224 for the tem-
perature and reasoning effort experiments.
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C Prompt to Models

Below is the exact prompt we provide to the reason-
ing LLMs we test in this study. Note that the scale
provided in the system prompt is the same scale
provided to humans in the annotation procedure.

Prompt:

Consider the following situation and
possible effect.

Situation: {premise}
Possible Effect: {hypothesis}

Given the situation, how likely is
this effect? Respond with a numerical
value between 0 and 100, where 0
indicates that this is DEFINITELY NOT
the effect, and 100 indicates that this
is DEFINITELY the effect.

System Prompt:

You provide responses to questions
about the likelihood of an effect given
some situation. After any internal
reasoning, reply with a single number
between 0 and 100, enclosed in <answer>
tags. You can use the following
descriptions of numerical ranges to
help guide your response:

0: Absolutely no chance
1-5: Almost no chance
6-15: Highly unlikely
16-34: Unlikely
35-49: Somewhat unlikely
50: Totally even chance
51-65: Somewhat likely
66-84: Likely
85-94: Highly likely
95-99: Almost certain
100: Absolutely certain

D Persona Prompting

As mentioned in Section 4.2, we run a follow-up ex-
periment on a subset of PROBCOPA, in which we
prompt the models with different persona descrip-
tions, to test whether this yields more human-like
response distributions. For each of the 30 responses
we sample from a model on a single PROBCOPA
item (see Section 3.1), we append to the system
prompt (see Appendix C) a different persona de-
scription, that specifies either a demographic or
psychological description. See Table 3 for exam-
ples. As Figure 15c shows, such persona prompting
fails to provide human-level response variation or
human-like response distributions.

Persona Prompt Examples

Demographic: You are a 23-year-old female

barista in Ottawa, who is saving up

to backpack across Europe. Your first

language is English.

Demographic: You are a 58-year-old male

factory worker in Detroit, who is nearing

retirement after three decades in the auto

industry. Your first language is English.

Psychological: You balance curiosity with

pragmatism, comfortable with both the

familiar and the new. You are dependable

and organized, often making plans to reach

your goals. You feel comfortable in both

quiet and social settings, adapting as

needed. You are caring and cooperative,

often attuned to the feelings of those

around you. You experience typical ups and

downs but manage emotions with balance.

Table 3: Examples of persona descriptions used
in our persona prompting experiments. Neither
approach yielded human-level variation or human-
like response distributions (see Figure 15c).

E Extended Results Figures

Figures 10 to 14 and 15a to 15c below show ex-
tended results referred to in the main body of this
paper.
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Figure 6: Screenshot of the first instructional example presented to participants in our crowdsourced
experiment. Participants were shown the general task format, and asked to present a response using the
slider. The guide presented beneath the example was intended to align participants on how to use the scale.
In this instructional stage, participants were given automatic feedback based on their responses.
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Figure 7: Screenshot showing the automatic feedback participants would receive if they provided a
likelihood score outside of the ‘likely’ to ‘almost certain’ range for the first instructional example (see
Figure 6). In this stage, we aimed to use simple examples for which most people would agree on broad
likelihood ranges.
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Figure 8: Screenshot of the annotation UI for the main phase of the crowdsourced experiment. The UI
and task format follow from what participants were shown in the instructional phase. But at this stage,
participants have been informed that unlike in the previous phase, there are no ‘right’ or ‘wrong’ answers.

Figure 9: Screenshot of the annotation UI for our validation experiment, in which we slightly vary the
prompt wording to closer align with the wording models are presented with (see Section 2.3). Note that
this variation does not produce different response distributions from our original annotations.
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Figure 10: Overall human likelihood score distribution across (i) five major NLI datasets, collected by
Pavlick and Kwiatkowski (2019), and (ii) PROBCOPA (ours). Likelihood scores collected by Pavlick
and Kwiatkowski (2019) for the five major NLI datasets lie on a scale from −50 (hypothesis definitely
false given premise) to 50 (hypothesis definitely true given premise). All datasets are subject to tri-modal
distributions; but PROBCOPA items receive far more annotations that lie in between these three modes,
indicating more graded, probabilistic judgments than for other NLI datasets.
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Figure 11: Distribution of likelihood scores across all PROBCOPA items, from all models tested, contrasted
against the same distribution from humans. While humans yield an overall likelihood score distribution
that is tri-modal, with a large number of responses towards the middle range of the scale, models yield an
overall distribution that is bi-modal, with few likelihood scores in the middle range of the scale.

Reasoning chain length (tokens) ∼
Differential entropy of human likelihood
scores

Reasoning chain length (tokens) ∼ Hu-
man response time (log-transformed and
z-scored)

Model Spearman’s ρ p-value Spearman’s ρ p-value

GPT-5 0.30 7.06e-06 0.17 1.19e-02
Claude Sonnet-4.5 0.18 9.61e-03 0.12 8.74e-02
DeepSeek-R1 0.36 6.54e-08 0.18 9.85e-03
Gemini-3 0.50 2.10e-14 0.18 9.86e-03
Kimi-K2 0.33 1.05e-06 0.24 4.44e-04
Qwen3 0.27 6.97e-05 0.25 2.48e-04
GLM-4.6 0.14 4.18e-02 -0.02 8.22e-01
Grok-4.1 Fast* NA NA NA NA
Ensemble of All Models 0.44 1.90e-11 0.23 6.35e-04

Table 4: Spearman correlations between reasoning chain lengths and (i) the differential entropy of human
likelihood scores, and (ii) human response time, log-transformed and by-participant z-scored. While
correlations between reasoning chain lengths and human likelihood score entropy suggest a relationship
between the two for most models, correlations with human response time are consistently lower. *Grok-4.1
Fast does not return reasoning chain information, and is therefore excluded from this analysis.
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Figure 12: Item-wise model-human Wasserstein distances, for all models tested. Unlike the human-human
baseline, models increasingly diverge from human distributions on middle-range items with high entropy.
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Figure 13: Item-wise model and human median likelihood scores, for all models tested. Median ratings are
similar at the two ends of the scale, but break down towards the middle.
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Figure 14: Item-wise differential entropy of model and human likelihood scores, for all models tested.
Human response distributions almost universally show higher entropy than model response distributions.
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(b) Reasoning Effort
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Figure 15: Results showing the effect of adjusting model temperature (15a), reasoning effort (15b), and
persona prompting (15c). Each panel shows, under different conditions, the distribution of item-wise
differential entropy values (top rows), Wasserstein distances from human responses (middle rows), and
proportion of parseable responses returned before hitting new token limits (bottom rows). Increasing
temperature yields slightly more diverse responses, but at the cost of output quality. Changes to reasoning
effort or persona prompting fail to yield more human-like distributions or variation.

2080

D
ow

nloaded from
 direct.​m

it.​edu/​tacl/​article-pdf/​doi/​10.​1162/​TAC
L.​a.​791/​2624521/​tacl.​a.​791.​pdf by guest on 20 Septem

ber 2026




