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Abstract

Prompting and Multiple Choices Ques-
tions (MCQ) have become the preferred
approach to assess the capabilities of Large
Language Models (LLMs), due to their
ease of manipulation and evaluation. Such
experimental appraisals have pointed toward
the LLMs’ apparent ability to perform causal
reasoning or to grasp uncertainty. In this
paper, we investigate whether these abilities
are measurable outside of tailored prompting
and MCQ by reformulating these issues
as direct text completion — the foundation
of LLMs. To achieve this goal, we define
scenarios with multiple possible outcomes
and we compare the prediction made by
the LLM through prompting (their Stated
Answer) to the probability distributions they
compute over these outcomes during next
token prediction (their Revealed Belief).
Our findings suggest that the Revealed
Belief of LLMs significantly differs from
their Stated Answer and hint at multiple
biases and misrepresentations that their beliefs
may yield in many scenarios and outcomes.
As text completion is at the core of LLMs,
these results suggest that common evaluation
methods may only provide a partial picture
and that more research is needed to assess the
extent and nature of their capabilities.

1 Introduction

In recent years, Large Language Models (LLMs)
have gained significant traction in the research com-
munity and the public at large (Zhao et al., 2023;
Chang et al., 2024). At their core, LLMs are statisti-
cal models of languages that predict, for any given
context, a probability distribution over their vocab-
ulary for the occurrence of the next token in a se-
quence (Bender et al., 2021). Despite this simplic-
ity, a wide array of earlier research has noted that
their sophisticated use of natural language (NL) is
impressive (Chang et al., 2024; Hu and Levy, 2023),

and it has been claimed that they may provide a
candidate model for the acquisition of language in
humans (Warstadt and Bowman, 2022).

Other studies have gone further and claimed that
LLMs have become more than just statistical mod-
els, and gained emergent abilities due to their mas-
sive training sets and architecture sizes (Bubeck
et al., 2023; Wei et al., 2022). Notably, it has been
argued that recent LLMs have acquired the capabil-
ity to perform more complex tasks such as reason-
ing and probability manipulation (Kiciman et al.,
2023). However, this fact is debated in the research
community. While recent LLMs perform well on
advanced benchmarks (bench authors, 2023), they
can also be tricked by simple questions and ad-
versarial modifications of their prompt (Xu et al.,
2023; Zou et al., 2023). This has raised the ques-
tion of whether LLMs indeed have an aptitude for
reasoning, or whether these observations are an il-
lusion that emerges from their mastery of NL and
propensity for data memorization.

At the heart of these debates is the problem of
evaluating LLLMs. The most common way to eval-
uate LLMs is through prompting (see e.g., Brown
et al. 2020) and most benchmarks are collections
of questions and answers (Hendrycks et al., 2021;
bench authors, 2023; Liang et al., 2023), where
the LLLMs are prompted with a question and the
resulting answer is compared to a known ground
truth. By nature, this method of evaluation is vul-
nerable to data contamination, where the LLMs
have observed part of the evaluation set during
training — a problem exacerbated by the fact that
the training datasets of most LL.Ms are generally
not accessible to the research community (Deng
et al., 2023). Furthermore, since the evaluation
of open-ended answers is quite complicated and
resource-consuming (Frieder et al., 2024), the ques-
tions in these benchmarks are most often Multi-
ple Choice Questions (MCQs) — see e.g., Liang
et al. (2023) — where LLMs are asked to choose



between a finite set of answers. The evaluation via
MCQs has been shown to suffer from a variety of
biases (Pezeshkpour and Hruschka, 2023; Wang
et al., 2024) that compound the contamination is-
sue, resulting in suboptimal assessments.
Recently, Hu and Levy (2023) have compared
the merits of evaluating LLMs with direct text com-
pletion and with the use of prompts. While their
experiments focus on the linguistic capabilities of
the LLMs and their knowledge of the English lan-
guage, their findings highlight that prompting is not
a substitute for direct text completion and that it is
key to LLM evaluation as it can shed some light
on their capabilities. Their work suggests a distinc-
tion between a model’s performance (its behavior
when prompted with questions) and a model’s com-
petence (the information contained in an LLM’s
string probability distribution). In line with these
results, we argue that evaluating LLMs by exclu-
sively assessing their answer to carefully crafted
questions only provides an incomplete assessment
of LLMs’ abilities. As the answer of an LLM to
an MCQ has been shown to be strongly influenced
by the ordering of the answer (Pezeshkpour and
Hruschka, 2023), it hints at the fact that the format-
ting of the questions may be more important to the
LLM’s performance than the question itself, thus
throwing doubt on the interpretation of the results.
In this paper, we introduce a different paradigm
to evaluate LL.Ms to address this issue by propos-
ing an alternative approach that forgoes entirely
the questions/answer framework. This paradigm,
named Revealed Belief, relies solely on next-
token prediction, LLMs’ elementary unit of com-
putation. Under this approach, we evaluate LL.Ms
through direct text generation by considering sce-
narios centered around their handling of uncertainty
in language and compare the LLMs’ predictions to
the known true distribution. To do so, we present an
LLM with a context describing a scenario that has
multiple possible outcomes (e.g., the throw of a fair
die) and use the LLM’s text completion to simulate
its resolution (e.g., on which face the die lands).
Then, the observed distribution over the possible
outcomes is compared to the true probability dis-
tribution (e.g., a uniform distribution). In line with
the “show, don’t tell” adage, this approach empha-
sizes the text generated by LLMs (their Revealed
Belief), instead of their answer to a predetermined
question (their Stated Answer) — see Section 3.
Probing LLMs in this manner reveals their internal
representations and allows us to compare how such

a scenario would be generated with the way they
would answer a question about this same scenario.

We apply this new paradigm in a wide range of
scenarios (see Section 4) and make several key ob-
servations. First, while the LLMs can perform well
in the MCQ setting,we observe that their Revealed
Belief tend to underperform. We argue that this
indicates that LLMs perform better at retrieving
knowledge about the world (e.g., the probable out-
come of a die roll) than at integrating this knowl-
edge into their generated text (e.g., by revealing
an unbiased distribution over a set of equiprobable
outcomes). Second, their Revealed Belief high-
lights numerous biases toward specific outcomes
and the disproportionate impact of innocuous lan-
guage elements on the distribution of outcomes,
and the undue effect of unrelated events in the con-
text (see Section 5). As these observations are not
compatible with advanced reasoning capabilities,
these results hint at the limitation of current eval-
uation methods and suggest that more research is
needed in the study of LLMs’ capabilities.

2 Related work

LLMs and probability. Our proposed empirical
evaluation framework revolves indirectly around
probabilities and uncertainty, and many previous
studies have examined the aptitude of LLMs to
handle problems involving probabilities. Recent
contributions include Nafar et al. (2024), which
studied the reasoning capabilities of LLMs around
text that contains explicit probability values, and
Saeed et al. (2021), which analyzed the capacity
of LLMs to deduce soft logic rules.While the eval-
uations performed in these papers indicate good
performance by LLMs, more recent works such
as Jin et al. (2023) and Frieder et al. (2024) have
hinted at more disappointing results, in particular
for more advanced causal and mathematical prob-
lems. Compared to this work, the probability prob-
lems involved in our experiments are significantly
easier, such as the flip of a coin, or the throw of a
die. Moreover, all the aforementioned studies eval-
uate the Stated Answer of the LLMs, whereas we
investigate their Revealed Belief (see Section 3),
which led to significantly different observations.

Investigating LLLM evaluation. Previous work
has also questioned the evaluation of LLMs and
scrutinized their flaws. In particular, MCQs —
one of the most prevalent types of evaluation
(Hendrycks et al., 2021; bench authors, 2023; Liang



et al., 2023) — have faced many criticisms. For
instance, Pezeshkpour and Hruschka (2023) has
shown that merely reordering the options of MCQ
can lead to double-digit performance gaps across
multiple benchmarks, while Alzahrani et al. (2024)
additionally showed that a similar phenomenon can
be observed by changing the numbering scheme
of the provided answers. In addition, Wang et al.
(2024) pointed out a significant misalignment be-
tween the first token predicted by the model in
MCQ, which is often used as a proxy to infer a
model’s answer, and the model’s actual answer.
Other works have pointed to the problem of data
contamination, where the LLLMs are shown to have
been exposed during training or fine-tuning to the
evaluation data used in common benchmarks. No-
tably, Deng et al. (2023) and Balloccu et al. (2024)
have shown, using two complementary approaches,
that this problem is present in all LLMs but is par-
ticularly pronounced in the GPT-series of models.

Probing internal representations and beliefs
Past studies have aimed at probing the hidden
activations and embeddings to gain insights into
e.g., the encoded information (Alain and Bengio,
2017), beliefs (Azaria and Mitchell, 2023), and
lies (CH-Wang et al., 2024) in language models.
Regarding the study of the next token distribution,
Feng et al. (2024) have shown that probing the
token representations of a model is useful to ab-
stain from stating low-confidence answers. Simi-
larly, Slobodkin et al. (2023) found that probing
an LLM’s last hidden layer reveals the answerabil-
ity of a query. Importantly, while we also study
the next token distribution in this work, we focus
mainly on rephrasing questions as direct text com-
pletion problems to provide a new evaluation tool.

LLM Revealed Belief. Arguably, the paper
closest to our work is by Hu and Levy (2023),
where the authors highlight the discrepancy be-
tween the direct completion of some text and
prompting LLMs to complete the text, with par-
ticular emphasis on their mastery of the English
language. While Revealed Belief and Stated
Answer follow a similar dichotomy, the scope of
our study — scenarios with uncertainty and multiple
outcomes — differs significantly, and our method
leverages the next token’s distributions to investi-
gate the details of the LLM’s implicit biases and
errors. Furthermore, while Hu and Levy (2023)
also hypothesized that new LLM capabilities may
emerge by studying direct text completion instead
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Figure 1: Illustration of the Revealed Belief (RevB)
and Stated Answer (StaA) frameworks, for the sce-
nario that involves a regular fair die with six faces. Only
a short version of the context is presented here. Exam-
ples of detailed prompts and contexts can be found in
Section 4 and in Appendix A.

of prompting, our findings point toward a more
nuanced conclusion (see Section 6).

3 Revealed Belief and Stated Answer

In the rest of this paper, we study LLMs through the
direct measurement of the model-derived next to-
ken distributions, similarly to Hu and Levy (2023).
For any given context, we collect the logits pro-
duced by the LLM before any temperature-based
random sampling, and we compute the exact prob-
ability distribution of the next token (or specific
combination of tokens), noted [P,y ( - |context).
This distribution reflects the exact LLM beliefs, in
contrast to simply sampling LLM answers.

At the heart of our analysis is the use of scenarios
with multiple possible outcomes. Consider for in-
stance the roll of a single, fair, six-faced die. There
are six equally probable results for this throw, 1 to 6,
with probability 1/6. The commonly used method
to assess whether an LLM is knowledgeable of this
fact is to first query the model directly, for instance,
with the MCQ question “What is the probability
that the die falls on face 2?” and a set of possible
answers 1/4, 1/6, etc. Then, the model’s probability
of selecting the correct answer is computed from
the next token distribution and is used as the metric
to evaluate the LLM. We refer to this approach as
the Stated Answer (StaA).

In this work, we propose an alternative method
to evaluate LLMs for these multiple outcome sce-
narios, called Revealed Belief (RevB). Instead of
explicitly querying the LLM, we assess its implicit
beliefs about the given scenario by presenting it
with the scenario and ending with the incomplete



sentence “‘the die falls on face ...”. The LLMs’
probability of choosing any of the possible out-
comes (in this case, 1 to 6) as its next token is
then computed and the resulting distribution is com-
pared to the true distribution (in this case, a uniform
distribution). In other words, instead of asking the
model what it knows, we let the model actually
show its beliefs, through the distribution it pro-
duces over the set of possible outcomes. Figure 1
illustrates both frameworks for the dice scenario.

Advantages of Revealed Belief. RevB can be
computed for any scenario with multiple outcomes,
and we argue that this alternative evaluation method
presents multiple advantages. First, it is centered
around text completion, which is the elementary
computational unit of LLMs. As such, it can eval-
vate any LLM, including base models that have
not been fine-tuned on dialogue behavior, and can
be used to assess the influence of different fine-
tuning methods. Furthermore, as it does not involve
MCQs, RevB avoids their common pitfalls (choice
of the answers, ordering, etc.), as highlighted in
Section 2. Second, this evaluation approach incor-
porates significantly more information than StaA,
as it allows an in-depth comparison of the differ-
ence between the true distribution and the revealed
distribution of the outcomes, which can highlight
biases towards or against specific outcomes. For
instance, our experiments (Section 5) show that
despite the LL.Ms Stated Answer that the proba-
bility of a die roll resulting in any face equals 1/6,
the RevB of these LLMs show an inordinate bias
toward the result 1. Finally, it is important to point
out that the biases and issues shown in RevB can
have an important impact on an LLM’s behavior.
For instance, one of our experiments highlights the
LLMs’ preferences towards the first answer in a
fair choice between abstract, equiprobable options,
which illustrates the bias that LLMs can exhibit
when answering MCQs. Importantly, these biases
are compounded when the outcomes have multiple
meanings, such as the terms “left” and “right”.

4 Methodology

4.1 Tasks

We examine LLMs’ Revealed Belief through
four different scenarios described below: Dice,
Coins, Choice, and Preferences. Table 1 offers
a summary of the different experimental setups.'

!Complete examples of prompt variants for RevB and StaA
are provided in Appendix A.

4.1.1 Scenario 1: Dice

Probability problems derived from die rolls are
among the most prevalent in an introductory math-
ematics curriculum. Thus, it is expected that in-
stances of this scenario are well represented in any
large LLM training dataset. As die rolls can yield
many probability distributions, we use them as the
first scenario to explore the RevB of LLMs.

Prompt Example. “A die has 6 faces. The die is
equally likely to land on any of its faces. The die is
cast. The die lands on face <tokens>".

Variants & Parameters. In the simple variant,
several dice (1-3) with four to twelve faces each
are rolled once, and the outcome is the total sum
of the dice faces. This results in a uniform or a
multinomial distribution, depending on the num-
ber of dice. In the repeated variants, the dice are
rolled twice, and the first result is mentioned in the
context. The outcome to be predicted is then ei-
ther the result of the second roll (case independent)
or the sum of both rolls (case dependent). These
variants aim at examining the influence of a previ-
ous roll on the RevB. In the independent case, the
expected result should be identical to the simple
variant, while in the dependent variant, the distribu-
tion should be shifted by the value of the previous
roll. Finally, in the observation scenario, some in-
formation regarding the die roll result is disclosed
to the model — for instance, that the result is an
even number. These observations allow manipu-
lating the expected distributions and studying the
influence of new information on a model’s RevB.

4.1.2 Scenario 2: Coins

Coin flips are also quite common in probability
problems and offer a different scenario to study
distributions of varying complexity.

Prompt Example. “There are 3 coins. Each coin
is biased and is 5 times more likely to land on
Heads than on Tails. The coins are flipped and the
resulting number of Heads is equal to <tokens>".

Variants & Parameters. Compared to the dice
scenario, coins have only two faces (Heads and
Tails). We therefore vary the number of coins, as
well as two additional parameters: the face of inter-
est (Heads or Tails), that is to say, the one that is
counted in the flip, and the bias, which modifies the
probability of the face of interest, and thereby the
resulting distribution. The Coins scenario includes



Scenario Variants Parameters
Single Roll Number of Dice, Number of Faces
Dice Repeated (Independent, Dependent)  Number of Dice, Number of Faces, Result previous roll
Observations Number of Dice, Number of Faces, Observation(s)
Coins Single Flip Number of Coins, Heads or Tails, Bias
Repeated (Independent, Dependent)  Number of Coins, Heads or Tails, Bias, Result previous flip
Choice Single Choice Number of Options
Repeated (Independent) Number of Options, Previous choice
Preference Single Selection Option 1, Option 2, Bias

Repeated (Independent)

Option 1, Option 2, Bias, Previous selection

Table 1: Summary of the scenarios, variants, and parameters.

both the simple (a single flip) and the repeated vari-
ants (both independent and dependent).

4.1.3 Scenario 3: Choice

In this scenario, the models have to select between
an arbitrary number of abstract options, represented
using capital letters — similar to the choice of an
answer in an MCQ. As the choices are explicitly
stated to be of equal probability, the distribution un-
derlying this scenario is always uniform and identi-
cal to the roll of a single die. Here, the interest is to
scrutinize the influence of the setting (e.g., dice ver-
sus abstract) on simple distributions and distill the
raw preferences over abstract choices by discarding
the connotations related to the scenarios.

Prompt Example. “A person has to choose ran-
domly between 4 options. The options are A, B, C,
and D. All possible options are equally likely. The
person chooses at random option <tokens>".

Variants & Parameters. We consider two vari-
ants of this scenario: the simple variant, where
a single choice is made and the parameter is the
number of options; and the repeated independent
variant, where the LLM makes a second choice
after being presented with the result of a first one.

4.1.4 Scenario 4: Preference

Compared to Choice, the Preference scenario con-
tains only two options, these two options are no
longer abstract (for instance, left or right), and their
probabilities are no longer necessarily equal. The
goal of this scenario is to examine the influence of
each option label on the outcome distribution.

Prompt Example. “A person has to choose ran-
domly between two options: Left and Right. The
option Left is 2 times more likely to be chosen than
the option Right. The person chooses at random
option <tokens>".

Variants & Parameters. The Preference sce-
nario contains the same variants as the Choice Sce-
nario: the simple variant and the repeated indepen-
dent variant. The varied parameters are the labels
of the options (e.g., Left/Right, Heads/Tails), the
explicit bias, the result of the previous selection,
and the order of the options in the query.

4.2 Models

We tested the RevB framework using 12 decoder-
only language models chosen to reflect the
state of the art as of May 2024 within three
model sizes, according to benchmarking re-
sults reported in the Hugging Face Open LLM
Leaderboard® and the LMSYS Chatbot Arena
Leaderboard®. We only examined open-weight
LLMs (in order to analyze their next token
distribution) and only selected models where
both the base and instruction fine-tuned vari-
ants were available. The bracket of small mod-
els include Llama-3-8B*, Yi-1.5-{6B, 9B} (Young

et al., 2024), gemma-7B (Mesnard et al.,
2024), Qwen2-7B (Bai et al.,, 2023), and
Mistral-7B-v0.3 (Jiang et al., 2023). The

family of large models contains Llama-3-70B,
Yi-1.5-34B, and Qwen2-72B. The considered mix-
ture of expert models are Qwen2-57B-A14B and
Mixtral-8x22B (Jiang et al., 2024). We evaluated
the base and instruct versions’ RevB for each model
to compare their respective performance, using the
models available on Hugging Face and we query
their Stated Answer using the instruct version.

4.3 Evaluation method

In our experiments, we take advantage of the fact

that RevB can be evaluated for any LLM, regardless

of the fine-tuning (see Section 3), and we assess
2huggingface.co/open—llm—leaderboard

3huggingface.co/spaces/lmsys/chatbot—arena-leaderboard
4github.com/meta—llama/llama3/blob/main/MODEL_CARD.md
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both base models and their instruction fine-tuned
variants. However, when assessing StaA, we only
evaluate instruction fine-tuned models, as they are
the only ones trained to generate answers to ques-
tions. Each LLM is evaluated on all combinations
of scenarios, variants, and parameters (see Table 1).
For the RevB framework, models are presented for
each resulting context, and the RevB (i.e., the dis-
tribution over the possible outcomes) of the base
model and the instruct models are then computed
and normalized. Then, these distributions are com-
pared to the true probability distribution, using
three different metrics: the Chebyshev distance,
the Manhattan distance, and the Kullback-Leibler
divergence. While the last two measure the total
difference between the different distributions, the
Chebyshev distance represents the maximal dif-
ference of the weights between the distributions
and is thus particularly representative of the bias
that RevB can have towards or against a specific
outcome. For the StaA framework, the multiple-
choice questions are formatted specifically to each
model’s chat template (e.g., by adding the special
“user/assistant” tokens) before being presented to
each model. The probability of the (only) correct
response is then retrieved, and we report its Cheby-
shev distance to the ideal answer. As only one of
the responses in the MCQ is correct, this distance
corresponds to one minus the probability of the
model giving the correct answer.

5 Experimental Results

In total, we tested each model in more than 500
different settings. For brevity, we describe in this
section the main findings of our experiments and
emphasize them using the Chebyshev error metric.
We refer the reader to the Appendix for further re-
sults of each scenario, as well as additional metrics.

Result #1: Instruction fine-tuning does not im-
prove RevB. Across the different scenarios stud-
ied in our experiments, we observe that the RevB
of base LLMs are always at least as good and often
better than the RevB of their instruction fine-tuned
counterparts. This is illustrated by Figure 2, which
summarizes the scores obtained by both models
on the different tasks. Consequently, while the
fine-tuning of LLMsS into instruction models is im-
portant for prompting and StaA, we observe that it
does not improve their RevB and that both variants
show similar biases and skews.
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Figure 2: Distribution of the Chebyshev distance of
base and instruction fine-tuned models RevB on different
tasks (lower is better). Boxes (resp. whiskers) represent
the range of the 25 to 75 (resp. 10 to 90) percentiles,
and the red line represents the median.

Result #2: LLMs RevB favour specific outcomes.
Figure 3 (top) illustrates the behavior of the RevB
when addressing a scenario yielding a uniform
probability distribution (e.g., the roll of a single
die or a choice between abstract options). Impor-
tantly, while the StaA are almost always correct,
with many models exhibiting a 0% error (in partic-
ular for the family of large models), the RevB are
significantly different from the expected uniform
distributions. We observe that in most settings,
the first possible option (side 1 of a die, or the
abstract option “A”) is favored by the LLMs. In-
terestingly, this bias is significantly stronger when
predicting the outcome of an abstract choice, re-
sulting in worse scores. This problem is also ap-
parent for multinomial distributions (e.g., multiple
dice rolls or coin flips) — see Figure 3 (bottom).
Moreover, many LLMs RevB exhibit a bias towards
individual outcomes, such as a value near the mid-
point of the distribution, or multiples of 10. Indeed,
while most LLMs perform reasonably well when
the number of outcomes is low, their RevB show
very skewed distributions when this number ex-
ceeds a certain threshold (often around 12). While
their StaA errors are higher than in the uniform
case, large models still exhibit errors close to 0,
despite their skewed RevB.

Result #3: Previous independent results de-
scribed in a prompt have an undue impact.
The repeated variant of the scenarios aimed at scru-
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Figure 3: Left: Probability distributions over four abstract choices (top) and the number of heads in three coin flips
(bottom). Model: Llama-3-70B. Right: Chebyshev distance between predicted and reference distribution for RevB;
Stated: Probability of error of the StaA. Best score per scenario in bold.

tinizing the influence of a previous realization of
the event on a future realization. In the independent
variant, the previous outcome is explicitly stated as
having no bearing on the new outcome. However,
we observe that this variant worsens the scores of
RevB and StaA, as shown for a repeated die roll
with selected models in Figure 5 (left). For in-
stance, when asked for the probability of the out-
come of a 10-sided die roll that was preceded by
another die roll (which landed on faces 1, 5, and
10 respectively), we observe by probing the RevB
that the probability assigned to each individual out-
come is strongly affected by the prior die roll, as
illustrated by Figure 4. The behavior is widespread
in our experiments and can be observed in most
Repeated settings. This shows that repeating an
event within the same context window impacts an
LLM’s next prediction and decreases its reliability
in downstream predictions.

)50 Regular die roll (baseline)  Prior die roll result: 1
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Prior die roll result: 5 Prior die roll result: 10
12345678910 12345678 910
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Figure 4: Revealed Belief of Llama-3-70B for the
throw of one 10-sided die, with and without previous
independent observations. The RevB exhibit a strong
bias towards the prior independent event.

Result #4: RevB are better than StaA at handling
partial information. Interestingly, in the variant
with observations, where partial information about
the result of a die roll is included in the context

Independent of previous One observation

| . 1
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[ RevB
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Figure 5: Distribution of the increase in Chebichev
errors for dice rolls with a prior independent result (left)
and one observation (right) compared to their baseline.
Boxes (resp. whiskers) represent the range of the 25
to 75 (resp. 10 to 90) percentiles, and the red line
represents the median.

(e.g., “the result is even”), LLMs’ RevB are more
accurate than their StaA. For instance, excluded
outcomes (i.e., odd numbers in the aforementioned
example) are assigned a probability close to zero,
showing that the observation stated in the prompt is
well integrated into the prediction. Conversely, the
StaA of LLMs are generally significantly worse,
as shown in Figure 5 (right). This is particularly
visible when the prompt contains combinations of
observations that exclude multiple outcomes (see
Table B.3.3 in the appendix).

Result #5: The labels of the outcomes can
strongly bias the RevB. The results of the Prefer-
ence scenario show that even when the options are
explicitly stated to be equiprobable, LLMs’ RevB
show their inherent pairwise preferences, as illus-
trated by Figure 6. In this case, the outcome labeled
“Left” is strongly preferred over “Right” (left figure)
and this bias is not equally reciprocated even when
“Right” is presented first (right figure), indicating
that this bias is not due to ordering (Result #2).
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Figure 6: Probability distributions when varying the
order of “Left” and “Right” for Llama-3-70B’s RevB.

6 Discussion

At their core, Large Language Models operate by
estimating the next token probability distribution
for any given context. A token is then sampled from
this distribution and the operation is repeated until
completion of a task. Many approaches to evaluat-
ing LLMs tend to focus on higher-level tasks, such
as natural language inference or probabilistic rea-
soning, by assessing their generated text. Thereby,
they may conflate the LLM’s aptitude to answer
questions related to an aptitude (StaA in our frame-
work) with the aptitude itself (RevB). Hu and Levy
(2023) have established this contrast with regard
to (meta-)linguistic abilities, and have shown the
difference between the behavior of a model under
prompting (analogous to StaA) and the model’s
estimated string probabilities (analogous to RevB).

In this study, we built on this approach and ex-
tended it to other situations, namely probabilistic
reasoning tasks under uncertainty. The proposed
RevB paradigm complements common evaluations
based on multiple-choice questions by A) forgo-
ing the question/answer framework, thus avoiding
all the biases related to it, and B) probing of the
model’s hidden internal next-token probability dis-
tributions.This probing aims at revealing how well
the stated information is integrated into the model’s
text generation in any context and is not simply an
artifact of rote question answering.

Our experiments with multiple evaluation sce-
narios have pointed to significant discrepancies be-
tween the results of these two approaches. For
instance, models evaluated using RevB showed bet-
ter performance in integrating partial observations
contained in a query (e.g., “[...] the die lands on
an even face [...]”), compared to including this
same information in an MCQ (Result #4). This
result is aligned with one of the findings by Hu and
Levy (2023), where some information, although
contained within a model’s string probabilities, can-
not be easily accessed when implicitly prompted
for it and is not apparent in the model’s behavior.

It thus reinforces the notion that prompting and
direct probability distribution measurements are
complementary evaluation approaches.

Moreover, our findings show that LLMs are un-
able to properly handle the probability of outcomes
preceded by independent events (Results #3). In-
deed, the occurrence of a prior result (e.g., die roll,
coin flip) introduces a significant effect on the bias
and skew of both the RevB and StaA about the
outcome of the second event. This phenomenon
raises questions regarding the LLMSs’ ability to han-
dle irrelevant information contained in a prompt,
with ramifications for their ability to solve other
tasks (e.g., drawing logical inferences without be-
ing affected by irrelevant premises, learning from
examples in-context, augmenting the context with
retrieved documents). Our study therefore raises
significant concerns with the way LLMs are evalu-
ated and used for these types of tasks.

Finally, the examination of LLMs under the
RevB paradigm revealed further phenomena, which
are hidden when only considering their StaA. For
instance, models generally prefer the first option
in a set of outcomes, often by a significant margin
(Result #2). Furthermore, the labels used to name
options (e.g., left/right vs. heads/tails) and their
ordering strongly affect each resulting probability
(Results #5). This implies that LLMs’ generated
text are skewed towards certain outcomes and are
biased by the chosen labels, even for explicitly
stated equiprobable choice. Albeit hidden when
generating answers, both of these biases and skews
ought to be taken into account when evaluating or
using LL.Ms through prompting.

In summary, our findings suggest that the re-
vealed beliefs of LLMs significantly differ from
their stated answers and hint at a variety of biases
and misrepresentations that they may exhibit to-
ward many outcomes and scenarios during text gen-
eration. Consequently, further research is needed
in the study and evaluations of LLMs’ capabilities
and evaluations. Additionally, the exploration of
loaded terms and inherent model biases (Result #5)
yielded interesting results and the use of RevB to
further investigate them is a promising direction for
future work. Finally, while the RevB framework is
tailored to decoder-only language models, as these
are specifically trained with the objective of gener-
ating a probability distribution for the next token in
a sequence, it could be interesting to study possible
extensions to encoder-decoder models such as T5
architectures.



Limitations

We only evaluated the RevB and the StaA of LLMs
on around 500 scenarios. While these scenarios
were designed to cover many different types of dis-
tributions and already hint at many characteristics
of the RevB of LLMs, it would be beneficial to
study additional cases (e.g., Poisson distributions),
as well as other variants (e.g., multiple repeated
results instead of a single repeat, or more complex
dependencies between results).

Another limitation of our study is the wording
of the scenario and prompts. While significant
time and effort were spent designing them in or-
der to maximize the LLMs RevB performance, it
is always possible that a different wording of the
context could yield better results. However, if such
wordings were found, it would also highlight the
significant lack of robustness of the RevB of LLMs.
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A Example Prompts

We provide in these Appendices examples of prompt variants used to evaluate the models. We also report
the detailed results of our evaluation scenarios. Where similar variants could be aggregated (e.g., when
asking for the number of Heads and for the number of Tails in a coin toss), we report their average. Within
each scenario, we show the scores of the Revealed Belief of the base LLMs, those of their instruction
fine-tuned version, and finally, those of the instruction fine-tuned model’s Stated Answer.

A.1 Scenario 1: Dice

Revealed Belief:

1. A die has 4 faces. The die is equally likely to land on any of its faces. The
die is cast. The die lands on face number

2. A die has 4 faces. The die is equally likely to land on any of its faces. The
die is cast. The die lands on face number 1. The die is cast again. The sum of
both results is equal to

3. A die has 4 faces. The die is equally likely to land on any of its faces. The
die is cast. We observe that the result is smaller than 3. Indeed, the result
is equal to

Stated Answer

4. You are given a Scenario, a Question, and a set of possible Answers. Select one
Answer as your reply. The Answers are A, B, C, D, E. Your selected Answer will
be contained within square brackets: [A], [B1, [C], [D], [E] and your reply
will contain nothing else.

Scenario: A die has 4 faces. The die is equally likely to land on any of its
faces. The die is cast. The die lands on face number 1. The die is cast
again.

Question: What is the probability that the die lands on face 2?

Answers: A) ©.083 B) ©.125 C) ©0.250 D) 0.500 E) 0.750

A.2 Scenario 2: Coins

Revealed Belief:

1. There are 2 coins. Each coin is fair and is equally likely to land on Heads and
Tails. The coins are flipped and the resulting number of Heads is equal to

2. There are 2 coins. Each coin is fair and is equally likely to land on Heads and
Tails. The coins are flipped a first time and the resulting number of Heads is
©. The coins are flipped again and the total number of Heads showed in the two
launches is equal to

Stated Answer

3. You are given a Scenario, a Question, and a set of possible Answers. Select one
Answer as your reply. The Answers are A, B, C, D, E. Your selected Answer will
be contained within square brackets: [A], [B], [C], [D], [E] and your reply
will contain nothing else.

Scenario: There are 2 coins. Each coin is fair and is equally likely to land on
Heads and Tails.

Question: What is the probability that the resulting number of Heads is equal
to @ after flipping the coins?

Answers: A) 0.750 B) ©.500 C) 0.125 D) 0.083 E) 0.250
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A.3 Scenario 3: Choice
Revealed Belief:

1. A person has to choose randomly between two options: Left and Right. The choice
is fair and each option equally likely to be chosen. The person chooses at
random option

2. A person has to choose randomly between two options: Left and Right. The choice
is fair and each option equally likely to be chosen. The person first chooses
at random option Left. Then the person performs another random choice and
chooses option

Stated Answer

3. You are given a Scenario, a Question, and a set of possible Answers. Select one
Answer as your reply. The Answers are A, B, C, D, E. Your selected Answer will
be contained within square brackets: [A], [B], [CJ], [D], [E] and your reply
will contain nothing else.

Scenario: A person has to choose randomly between two options: Left and Right.
The choice is fair and each option equally likely to be chosen.

Question: What is the probability that the person chooses option Right?

Answers: A) ©0.250 B) 1.000 C) 0.500 D) 1.500 E) 0.167

A.4 Scenario 4: Preference
Revealed Belief:

1. A person has to choose randomly between 4 options. The options are A, B, C and
D. All possible options are equally likely. The person chooses at random option

2. A person has to choose randomly between 4 options. The options are A, B, C and
D. All possible options are equally likely. The person first chooses at random
option B. Then the person performs another random choice and chooses option

Stated Answer

3. You are given a Scenario, a Question, and a set of possible Answers. Select one
Answer as your reply. The Answers are A, B, C, D, E. Your selected Answer will
be contained within square brackets: [A], [B], [C], [D], [E] and your reply
will contain nothing else.

Scenario: A person has to choose randomly between 4 options. The options are A,
B, C and D. All possible options are equally likely.

Question: What is the probability that the person chooses option A?

Answers: A) 0.750 B) ©.083 C) 0.125 D) 0.500 E) 0.250
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B Scenario 1: Dice

B.1 Revealed Belief (base models)
B.1.1 Regular, independent, dependent

@ &
o
Q@ R e R PSS L
3 Q N N S o "~ N S
Chebyshev L s o I o X L o S o 5
Regular — 1 die | 0.06 0.11 0.16 0.11 0.17 0.10 0.10 0.08 0.11 0.06 0.10
Regular — 2 dice | 0.08 0.06 0.06 0.08 0.08 0.09 0.06 0.09 0.10 0.07 0.10
Regular — 3 dice | 0.12 0.08 0.10 0.06 0.07 0.09 0.10 0.06 0.08 0.10 0.10

Independent 1 die | 0.14 0.14 041 013 023 023 025 030 025 0.14 0.13

Independent — 2 dice | 0.15 0.12 022 0.12 0.16 0.09 0.19 0.13 0.18 0.20 0.20

Independent — 3 dice | 0.20 0.12 0.27 0.12 0.17 0.15 026 0.17 0.22 0.19 0.20

Dependant 1 die | 0.10 0.07 0.08 0.09 0.16 0.08 0.09 0.08 0.09 0.08 0.08

Dependant — 2 dice | 0.20 0.17 0.18 0.13 0.19 028 023 024 0.15 022 0.29

Dependant —3 dice | 0.25 0.19 0.14 0.15 021 030 0.17 024 0.18 0.33 0.22

L1 |
Regular — 1 die 1023 037 040 033 039 025 027 024 027 016 035
Regular—2dice | 042 045 030 037 036 036 041 038 057 042 037
Regular—3dice | 0.67 071 0.66 052 044 056 063 039 056 0.66 0.52

Independent 1 die | 0.47 040 0.92 034 062 0.60 066 072 059 038 042

Independent — 2 dice | 0.65 0.55 0.71 055 077 052 079 057 0.68 0.69 0.72

Independent — 3 dice | 0.84 0.76 093 0.74 098 085 099 0.79 0.87 0.85 0.90

Dependant 1 die | 0.30 0.29 0.34 030 056 031 039 032 034 029 031

Dependant—2 dice | 092 0.81 080 0.64 091 091 098 097 0.80 092 1.12

Dependant — 3 dice | 1.17 1.05 090 088 122 1.07 1.04 123 1.06 1.08 1.12

Symmetric KL |

Regular — 1 die | 0.09 031 027 0.17 037 0.14 0.12 0.11 0.13 0.05 0.26
Regular — 2 dice | 027 038 018 024 022 022 027 024 058 029 0.28
Regular — 3 dice | 0.89 092 082 047 041 067 069 026 055 094 0.55

Independent 1 die | 045 037 123 023 097 061 072 095 0.61 028 0.32

Independent — 2 dice | 0.88 0.72 1.05 057 1.15 059 1.16 0.66 093 0.92 096

Independent — 3 dice | 1.81 1.48 232 121 192 173 214 139 178 174 1.74

Dependant 1 die | 0.18 0.16 023 0.19 0.60 024 029 0.17 023 0.17 0.17

Dependant —2 dice | 1.49 1.18 1.09 077 154 159 173 180 1.10 150 230

Dependant — 3 dice | 2.86 2.18 1.56 159 3.08 257 219 3.05 224 285 255
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B.1.2 Observations: One observation

& @ 2 o & &
¥ ~ A
Chebyshev Afon § § § é\b Aéb L 63 5 §l SD
Smaller [ 0.10 0.07 0.14 006 0.11 0.16 0.11 007 0.04 0.09 0.13
Larger [010 0.11 0.16 0.12 0.19 024 029 0.14 0.11 0.14 0.13
Even | 024 0.14 023 020 023 025 028 0.17 026 010 0.17
Odd [ 0.16 0.15 0.10 0.09 022 022 0.15 0.10 0.13 0.07 0.09
Not first | 049 035 032 018 030 044 036 027 023 021 0.38
Not middle [ 0.09 020 0.15 0.07 015 020 0.13 0.17 0.10 0.10 0.10
Smaller — 2 dice [0.13 0.12 0.08 0.11 012 022 0.10 0.12 0.11 0.10 0.11
Larger — 2 dice | 020 0.09 0.18 0.13 042 0.19 027 0.16 0.16 0.15 0.17
Even - 2 dice | 025 0.10 0.15 0.10 028 0.13 0.19 0.13 0.10 0.14 0.09
0Odd - 2 dice [0.18 0.11 0.14 0.09 0.18 0.15 0.15 0.09 0.13 0.08 0.11

Not first—2 dice | 0.28 0.34 0.06 0.10 036 021 0.67 0.10 020 0.10 023

Not middle — 2 dice | 0.09 0.10 0.06 0.07 0.09 0.13 0.20 0.18 021 0.09 0.12

Smaller — 3 dice | 0.15 0.13 0.14 0.13 0.11 0.15 0.12 0.19 0.08 024 0.12

Larger — 3 dice [ 0.14 0.13 0.11 010 034 0.15 035 0.16 020 030 0.33
Even — 3 dice [0.15 0.12 0.18 0.11 020 0.12 0.2 010 0.12 0.13 0.11
Odd - 3 dice | 0.14 0.13 0.16 0.12 0.18 0.13 0.12 0.12 011 0.11 0.14

Not first—3 dice | 026 041 0.11 0.13 036 042 045 0.09 0.19 0.12 031

Not middle — 3 dice | 0.13 0.08 0.06 0.06 0.08 020 0.15 0.07 025 0.09 0.11

L1 |
Smaller | 024 017 034 0.3 026 034 026 020 010 020 0.29
Larger 039 030 039 032 054 060 072 045 025 033 032
Even | 0.67 041 054 046 060 065 058 045 061 023 037
0dd | 052 040 028 024 056 061 035 027 039 022 022
Not first |1.09 102 081 056 088 105 L14 063 062 055 088
Not middle 1039 0.62 042 029 045 0359 045 047 042 028 029
Smaller— 2 dice | 038 031 028 027 035 057 041 038 028 029 030
Larger—2dice | 0.61 035 048 039 095 056 077 054 047 038 045
Even — 2 dice 078 035 070 052 090 0.60 068 043 056 049 044
0dd — 2 dice |0.67 035 081 042 081 0.7 0.63 036 056 037 043

Not first—2 dice | 097 1.11 036 0.62 108 082 145 054 072 055 0.79

Not middle — 2 dice | 0.52 0.50 0.27 0.36 0.54 053 0.64 0.63 0.72 036 044

Smaller — 3 dice | 047 031 039 046 043 046 038 059 028 053 042

Larger — 3 dice | 0.57 051 041 038 087 044 092 0.60 0.62 0.72 0.80
Even — 3 dice [ 0.77 0.67 093 0.66 1.10 0.74 056 055 0.74 0.77 0.63
Odd - 3 dice | 075 0.66 106 076 1.19 095 0.63 0.62 0.69 0.70 0.70

Not first—3 dice | 1.19 149 079 092 132 133 137 065 091 088 121

Not middle — 3 dice | 0.62 0.58 0.40 043 0.72 0.73 0.61 047 0.80 053 0.60

Symmetric KL |

Smaller | 042 0.08 0.65 0.09 068 041 054 050 0.15 022 0.33
Larger | .08 030 048 027 129 1.19 1.77 090 0.50 043 0.27
Even | 1.49 065 0.61 037 1.11 122 0.65 094 0.75 035 031
Odd | .08 040 031 023 135 1.19 035 040 0.72 049 0.16
Not first [2.09 268 147 0.63 163 205 345 1.07 1.13 097 142
Not middle [0.59 121 072 023 056 099 127 0.79 054 093 0.21
Smaller — 2 dice | 041 0.16 0.62 036 037 060 0.66 0.59 016 031 0.27
Larger — 2 dice | .51 053 049 060 1.62 093 209 125 086 049 0.70
Even — 2 dice | 1.63 036 2.06 086 163 153 1.00 048 0.83 0.86 0.51
0dd - 2 dice | .67 0.65 291 123 216 3.07 111 052 091 096 048

Not first—2 dice | 226 2.55 032 1.14 257 177 9.00 0.84 251 1.07 141

Not middle — 2 dice | 0.74 090 0.25 040 0.81 073 246 126 272 059 0.36

Smaller — 3 dice | 0.58 023 042 0.61 052 040 0.70 1.10 020 0.49 0.69

Larger — 3 dice | 1.12 078 0.38 055 138 061 195 095 099 097 133
Even — 3 dice | 1.68 0.86 2.88 135 246 191 1.06 1.04 1.17 243 1.20
Odd - 3 dice [ 2.13 1.06 458 177 329 378 130 130 136 1.79 128

Not first —3 dice | 2.88 4.68 120 1.81 3.64 353 6.62 1.08 279 191 297

Not middle — 3 dice | 0.89 1.14 0.38 0.57 126 1.04 195 062 324 0.77 0.82
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B.1.3 Observations: Two observations — Single die

. o f & &
N3 N A

Chebyshev @ S g § é\b § L 6)’ 5 é‘\, §o
Smaller — Even | 035 021 0.23 029 0.19 031 024 0.19 031 021 0.17
Smaller — Odd | 0.11 0.07 0.13 0.10 0.17 0.16 0.15 0.17 0.11 0.11 0.07
Smaller — Not first | 0.21 0.25 0.19 0.16 022 0.24 035 024 0.15 023 0.14
Smaller — Not middle | 0.07 0.08 0.11 0.09 0.07 0.10 020 0.16 0.13 0.08 0.13
Larger — Even | 029 024 028 020 037 033 036 022 024 026 0.16
Larger — Odd | 025 0.17 0.13 0.16 026 026 0.18 0.19 0.17 0.09 0.09
Larger — Not first | 0.11 0.19 0.14 0.08 0.25 021 035 0.14 0.15 0.13 0.13
Larger — Not middle | 0.12 023 0.19 021 0.29 022 035 012 0.16 0.13 0.12
Even — Not first | 026 042 031 025 037 024 053 014 032 0.07 0.17
Even — Not middle | 0.16 0.18 0.15 0.22 0.19 025 040 0.14 024 0.09 0.14
L1 \

Smaller — Even | 0.55 033 036 041 039 047 046 031 048 033 0.30
Smaller — Odd | 026 0.15 0.28 021 038 032 031 035 022 024 0.14
Smaller — Not first | 043 059 046 033 056 0.55 057 060 035 038 0.33
Smaller — Not middle | 0.19 0.17 0.23 020 023 023 055 046 033 022 030
Larger — Even | 0.69 050 0.60 042 085 073 077 052 053 052 033
Larger — Odd | 0.58 0.37 0.26 036 060 056 037 039 036 0.18 0.17
Larger — Not first | 043 0.68 0.58 025 091 0.75 096 059 0.68 0.28 044
Larger — Not middle | 0.46 0.63 0.54 0.51 0.86 074 097 0.55 056 037 0.36
Even — Not first | 0.85 094 0.72 0.78 1.05 084 122 042 073 020 042
Even — Not middle | 0.47 049 042 0.52 058 070 0.82 048 052 022 0.39
Symmetric KL \

Smaller — Even | 208 034 0.86 039 099 084 036 042 061 017 0.17
Smaller — Odd | 071 021 0.83 042 181 035 034 045 050 025 0.17
Smaller — Not first | 1.04 098 1.01 022 0.61 1.15 046 2.12 043 0.19 0.07
Smaller — Not middle | 0.41 0.23 0.51 028 0.65 093 234 212 134 0.70 0.86
Larger — Even | 283 071 121 0.87 328 179 200 127 1.18 0.86 041
Larger — Odd | 277 065 0.69 1.05 275 127 065 141 090 041 0.22
Larger — Not first | 1.37 3.10 276 0.69 376 334 251 242 328 0.82 124
Larger — Not middle | 1.67 1.04 0.85 0.57 246 233 3.03 238 264 102 0381
Even — Not first | 426 1.82 1.06 196 284 270 271 1.08 1.18 049 048
Even—Notmiddle | 1.33 096 0.75 0.67 1.60 183 152 152 075 048 043
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B.1.4 Observations: Two observations — Multiple die

Je) oY § Q J3o] (\(?
¥ X &

Chebyshev A? é'\ g? :,‘:)P é\:? § L & 5 é\l S
Smaller — Even — 2 dice 037 0.18 0.12 032 040 035 029 0.14 028 0.15 029
Smaller — Odd - 2 dice | 024 008 0.18 012 035 0.15 0.17 0.12 0.10 0.07 0.14
Smaller — Not first—2 dice | 023 0.23 0.14 026 052 026 0.19 012 0.16 023 0.23
Smaller — Not middle — 2 dice | 0.14 0.09 0.06 0.11 0.14 0.10 032 0.13 0.14 0.11 0.11
Larger — Even — 2 dice | 030 0.17 033 0.13 023 023 017 0.13 020 0.08 0.14
Larger — Odd - 2 dice [ 030 0.10 0.16 0.17 039 020 0.27 0.17 020 0.14 0.16
Larger — Not first — 2 dice | 0.15 0.07 0.15 012 026 0.19 0.15 0.16 016 0.11 0.12
Larger — Not middle —2 dice | 0.29 0.20 0.15 020 039 029 027 020 021 022 0.16
Even — Not first — 2 dice [ 0.13 039 0.12 024 039 0.15 027 011 023 025 0.16
Even — Not middle — 2 dice | 0.15 0.13 0.12 0.14 0.1 020 0.12 0.12 0.15 0.16 0.11
Smaller — Even — 3 dice [ 026 0.19 0.15 028 034 024 019 0.17 024 012 023
Smaller — Odd - 3 dice | 024 020 0.19 025 037 021 023 0.17 021 012 022
Smaller — Not first —3dice | 020 0.19 0.15 0.19 038 0.18 0.14 0.15 0.14 020 0.16
Smaller — Not middle — 3 dice | 0.22 0.11 0.13 0.10 0.15 0.17 029 0.18 020 0.18 0.10
Larger — Even — 3 dice | 025 020 021 013 023 0.18 0.17 020 0.16 020 0.22
Larger — Odd - 3 dice | 024 0.17 0.16 013 024 020 0.19 0.16 017 020 020
Larger — Not first — 3 dice /010 o0.11 0.11 0.10 0.14 0.13 0.17 0.14 0.17 0.14 0.14
Larger — Not middle — 3 dice | 0.26 0.24 0.21 021 035 034 022 016 0.29 036 029
Even — Not first — 3 dice /013 035 0.15 020 039 025 019 0.14 0.15 020 028
Even — Not middle -3 dice | 0.14 0.12 0.09 0.12 0.13 0.15 0.13 0.12 0.13 0.12 0.13
L1 \

Smaller — Even — 2 dice [092 040 054 064 092 080 0.66 037 058 031 0.67
Smaller — Odd - 2 dice | 060 021 076 028 0.78 037 036 034 022 021 032
Smaller — Not first -2 dice | 0.72 0.59 040 0.69 1.14 077 060 0.52 050 0.62 0.61
Smaller — Not middle — 2 dice | 042 0.27 0.25 036 047 029 073 052 045 037 055
Larger — Even — 2 dice [ 0.82 045 078 038 076 0.60 045 047 054 029 045
Larger — Odd — 2 dice | 094 030 049 055 1.07 070 0.64 0.55 061 042 049
Larger — Not first — 2 dice | 0.66 053 068 0.76 1.02 076 0.79 0.77 1.02 0.60 0.66
Larger — Not middle —2 dice | 0.77 0.56 0.51 0.53 101 0.78 096 0.69 0.73 0.55 0.53
Even — Not first — 2 dice [ 061 103 067 083 1.17 084 091 051 074 081 0.68
Even — Not middle —2dice | 0.72 0.55 0.61 0.61 055 0.78 051 047 0.66 0.67 0.50
Smaller — Even — 3 dice | 0.81 043 066 059 086 0.66 050 053 060 031 058
Smaller — Odd — 3 dice | 0.74 048 087 064 1.02 059 055 052 053 031 052
Smaller — Not first—3dice | 0.75 0.71 0.67 0.72 1.13 072 045 087 0.63 0.78 0.68
Smaller — Not middle — 3 dice | 0.66 0.30 045 0.34 0.50 044 081 0.73 0.62 0.60 0.51
Larger — Even — 3 dice ] 082 059 058 047 082 056 049 0.64 051 0.60 0.71
Larger — Odd - 3 dice | 091 052 049 052 091 070 0.53 055 049 0.62 0.69
Larger — Not first — 3 dice /053 072 081 072 095 0.67 070 077 1.01 0.89 0.78
Larger — Not middle — 3 dice | 0.79 0.70 0.74 0.59 1.00 0.89 087 0.64 0.84 090 0.78
Even — Not first — 3 dice /085 139 1.07 108 153 132 1.16 0.78 091 1.19 1.17
Even — Not middle —3 dice | 0.82 0.65 0.63 0.65 0.81 0.77 0.71 0.60 0.73 0.77 0.70
Symmetric KL |

Smaller — Even — 2 dice | 436 0.63 229 1.10 221 294 127 0.74 054 046 0.79
Smaller — Odd — 2 dice | 281 047 354 073 292 120 052 136 032 0.53 044
Smaller — Not first —2 dice | 1.12 0.80 0.47 1.04 227 139 1.10 1.02 0.81 074 0.78
Smaller — Not middle — 2 dice | 0.76 0.27 0.74 0.63 0.97 046 382 154 105 077 1.86
Larger — Even — 2 dice [3.19 083 191 1.16 272 155 095 1.61 150 0.77 146
Larger — Odd - 2 dice | 414 092 204 210 588 297 127 233 186 150 194
Larger — Not first — 2 dice [213 219 284 329 449 236 289 227 503 221 277
Larger — Not middle — 2 dice | 220 090 125 0.75 2.17 171 370 1.62 216 081 126
Even — Not first — 2 dice | 1.89 193 254 227 331 332 268 123 3.01 262 156
Even — Not middle —2 dice | 246 134 200 097 159 269 126 095 130 132 1.66
Smaller — Even — 3 dice 352 065 270 130 242 250 120 170 0.60 042 0.82
Smaller — Odd - 3 dice 257 074 371 117 311 193 0.62 138 061 042 0.78
Smaller — Not first —3dice | 1.55 1.08 1.06 127 251 134 076 224 1.18 136 1.12
Smaller — Not middle — 3 dice | 1.26 0.31 0.84 0.67 093 056 370 1.87 124 129 128
Larger — Even — 3 dice | 346 1.17 151 141 3.04 158 092 137 1.04 137 232
Larger — Odd — 3 dice [ 415 1.17 1.69 1.89 381 278 092 1.84 095 1.60 2.09
Larger — Not first — 3 dice | 129 297 349 295 400 202 189 231 467 3.00 297
Larger — Not middle — 3 dice | 1.68 1.14 1.62 0.82 227 172 262 131 201 145 150
Even — Not first — 3 dice 274 380 3.63 279 562 444 405 1.63 221 380 3.07
Even — Not middle —3dice | 3.05 1.65 237 123 248 230 268 122 153 254 212
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B.2.1 Regular, independent, dependent

B.2 Revealed Belief (instruction fine-tuned models)

s A A o e o &5 8 8 5’\?
Chebyshev 3*0 $ 8’ \c?o C(ﬁ\ A 53 N[I\ é\* g,
Regular — 1 die | 0.13 0.15 024 0.18 033 0.11 0.09 0.12 0.10 0.08 0.06
Regular — 2 dice | 0.16 0.12 0.11 0.30 031 0.15 0.16 025 026 0.10 0.06
Regular — 3 dice | 0.20 0.18 0.16 021 024 0.08 027 0.12 027 0.13 0.08
Independent 1 die | 0.28 0.17 0.68 022 041 032 046 036 029 0.16 0.13
Independent — 2 dice | 0.21 0.12 0.73 0.26 034 0.17 043 021 024 025 0.19
Independent — 3 dice | 0.40 0.13 0.79 038 037 026 042 0.17 025 021 0.19
Dependant 1 die | 0.17 0.11 0.14 022 035 0.14 020 0.17 020 0.12 0.07
Dependant — 2 dice | 0.28 0.21 030 0.68 053 039 031 035 022 022 025
Dependant — 3 dice | 0.28 0.20 0.29 0.84 0.65 045 027 033 029 032 031
L1 |
Regular — 1 die | 044 052 053 056 101 045 035 039 042 025 0.22
Regular — 2 dice | 0.64 057 047 0.82 099 052 070 0.78 091 0.60 0.29
Regular — 3 dice | 0.85 0.77 0.85 0.75 1.08 043 1.03 059 086 0.86 0.47
Independent 1 die | 0.68 049 1.37 0.71 1.06 0.72 1.00 0.83 0.69 045 041
Independent — 2 dice | 0.86 0.61 1.51 094 1.19 062 1.17 072 089 0.80 0.73
Independent — 3 dice | 1.17 0.78 1.61 122 124 092 127 083 1.00 0.89 092
Dependant 1 die | 0.56 041 050 071 1.00 050 059 056 062 042 0.24
Dependant — 2 dice | 1.11 099 1.02 145 158 1.12 1.11 1.18 1.00 0.99 0.94
Dependant — 3 dice | 1.33 1.07 122 170 177 129 1.00 140 1.19 1.13 1.11
Symmetric KL |
Regular — 1 die | 0.35 0.69 050 0.66 278 040 0.18 028 029 0.12 0.10
Regular — 2 dice | 0.71 0.54 040 1.08 227 049 0.82 099 197 064 0.14
Regular — 3 dice | 1.63 126 140 094 3.07 043 185 0.62 123 145 045
Independent 1 die | 0.95 050 291 090 261 095 150 132 0.86 0.38 0.28
Independent — 2 dice | 1.54 0.66 4.13 1.66 3.01 072 255 1.08 1.68 1.17 095
Independent — 3 dice | 3.36 1.26 6.26 3.15 435 206 3.67 143 214 178 1.78
Dependant 1 die | 0.58 027 045 098 226 0.53 065 051 076 032 0.10
Dependant — 2 dice | 2.37 1.72 1.82 421 647 250 227 298 203 176 171
Dependant — 3 dice | 3.78 2.17 292 685 948 4.12 250 4.18 3.16 3.01 2095
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B.2.2 Observations: One observation

& @ 2 o & &
¥ ~ A
Chebyshev Afon § § § é\b Aéb L 63 5 §l SD
Smaller | 027 0.08 0.19 0.15 040 o0.11 0.16 0.11 0.09 0.15 0.17
Larger [ 029 027 023 032 063 017 034 0.18 017 017 0.17
Even [0.29 026 024 066 070 029 0.27 024 026 015 0.26
Odd | 026 034 0.18 041 059 0.12 023 023 0.19 0.07 0.14
Not first [0.19 040 036 016 029 028 059 038 027 022 043
Not middle [ 027 022 0.19 0.14 045 0.15 0.16 023 0.14 0.13 0.12
Smaller — 2 dice [ 025 020 0.17 044 031 029 0.13 024 0.19 0.16 0.09
Larger — 2 dice | 0.17 0.14 025 030 033 0.12 037 030 031 0.17 0.07
Even - 2 dice [ 0.13 0.17 030 033 034 0.14 0.15 026 022 021 0.08
0Odd - 2 dice [ 022 0.16 021 0.16 053 021 0.13 0.15 026 0.09 0.07

Not first—2 dice | 0.34 0.33 0.08 0.15 031 021 0.14 026 026 0.16 0.17

Not middle — 2 dice | 0.16 0.15 0.07 0.16 021 0.17 0.15 027 0.17 0.11 0.13

Smaller — 3 dice [ 022 0.15 026 021 040 020 0.09 030 020 029 0.12

Larger — 3 dice | 014 0.16 022 0.16 030 0.18 032 027 022 029 0.16
Even — 3 dice [0.13 0.17 032 018 059 0.13 0.17 0.13 0.17 0.15 0.09
Odd - 3 dice [ 023 0.10 031 0.17 069 0.16 0.12 0.18 0.09 0.14 0.10

Not first—3 dice | 0.35 040 0.16 0.11 044 037 0.09 0.15 023 0.16 028

Not middle — 3 dice | 0.18 0.14 0.10 0.12 0.19 023 0.14 0.13 0.16 0.12 0.15

L1 |
Smaller | 0.60 023 042 036 082 028 037 022 024 034 038
Larger 1079 0.61 052 079 128 051 083 055 045 043 045
Even | 0.68 057 059 131 140 066 064 063 067 034 0.62
0dd 072 073 042 1.00 122 035 062 058 049 024 039
Not first |055 122 091 062 085 097 128 080 072 059 093
Not middle 1076 0.66 0.50 0.55 1.09 049 056 0.63 053 040 032
Smaller— 2 dice | 078 0.56 048 098 079 077 038 061 050 042 0.24
Larger—2dice | 0.57 039 0.63 0.75 0.88 060 094 077 0.79 040 0.18
Even — 2 dice 049 056 097 098 126 051 062 0.69 075 055 032
0dd — 2 dice 090 045 095 057 1.17 1.04 062 044 072 042 030

Not first—2 dice | 1.21 1.03 0.50 0.73 129 0.88 071 076 092 0.65 0.59

Not middle — 2 dice | 0.81 0.56 0.33 0.53 0.79 0.66 0.72 0.83 0.74 045 045

Smaller — 3 dice [ 072 041 063 062 104 050 030 084 051 059 033

Larger — 3 dice | 0.50 049 0.66 050 1.00 0.65 0.87 0.77 0.80 0.79 043
Even — 3 dice | 0.56 052 120 054 159 064 090 053 058 0.68 0.50
Odd - 3 dice [ 1.03 047 133 0.69 157 1.10 0.69 0.72 043 0.74 0.53

Not first—3 dice | 1.38 1.32 0.88 0.74 162 146 0.73 087 094 090 1.10

Not middle — 3 dice | 0.82 0.59 0.61 0.51 092 0.76 0.64 0.63 0.78 0.66 0.57

Symmetric KL |

Smaller | 0.88 0.15 048 022 1.74 060 1.12 0.19 011 029 044
Larger | 1.38 056 0.66 145 418 153 224 093 043 047 040
Even | 136 0.76 0.80 4.23 6.07 0.88 0.89 098 1.03 031 0.86
Odd | 146 077 047 249 347 059 127 049 045 043 1.08
Not first [ 076 401 1.87 0.87 262 305 249 1.14 143 098 1.39
Not middle | 143 103 089 050 3.16 1.71 125 070 1.18 096 0.22
Smaller — 2 dice | 1.16 047 052 223 158 1.17 031 1.01 037 033 0.19
Larger — 2 dice | 068 031 076 097 148 193 212 135 152 043 0.14
Even — 2 dice | 0.87 058 235 1.63 341 058 154 084 150 0.70 0.51
Odd - 2 dice | 199 039 389 064 394 503 182 046 130 083 040

Not first—2 dice | 2.87 1.79 0.62 1.12 322 275 162 119 269 1.11 0.87

Not middle —2 dice | 1.65 0.62 029 0.57 124 083 122 147 175 081 0.38

Smaller — 3 dice [ 1.13 033 058 075 259 053 020 1.73 039 058 0.27
Larger — 3 dice | 064 053 076 049 199 091 165 1.12 158 1.04 0.37
Even — 3 dice [ 1.03 049 359 0.63 654 120 2.62 088 0.63 146 093
Odd - 3 dice [ 235 045 722 095 7.75 425 225 120 0.77 128 1.00

Not first —3 dice | 3.84 341 1.79 1.09 595 535 125 155 196 183 235

Not middle — 3 dice | 1.55 0.82 0.76 0.55 193 091 121 077 149 1.00 0.54
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B.2.3 Observations: Two observations — Single die

. o f & &
N3 N A

Chebyshev @ S g § é\b § L 6)’ 5 é‘\, §o
Smaller — Even | 029 026 0.27 033 040 022 029 019 019 026 0.19
Smaller — Odd | 0.18 0.15 0.13 0.15 029 0.19 0.19 0.17 0.09 0.17 0.16
Smaller — Not first | 0.27 025 0.17 022 0.50 024 027 025 020 032 0.23
Smaller — Not middle | 0.13 0.20 0.09 0.12 0.29 0.10 0.17 0.09 0.09 0.09 0.18
Larger — Even | 028 033 034 036 041 028 047 032 024 029 0.29
Larger — Odd | 025 027 0.16 023 023 021 025 020 0.09 0.12 0.23
Larger — Not first | 025 023 013 040 047 0.15 035 024 0.15 020 0.17
Larger — Not middle | 0.15 028 0.27 0.33 0.50 021 030 0.14 0.14 0.15 0.21
Even — Not first | 021 044 050 030 049 020 023 028 0.18 013 0.25
Even — Not middle | 0.26 0.17 021 033 049 0.18 043 0.19 021 0.17 0.25
L1 \

Smaller — Even | 039 035 041 046 060 028 047 024 031 041 0.33
Smaller — Odd | 036 031 0.28 030 058 039 039 034 017 035 034
Smaller — Not first | 045 046 042 043 0.81 048 049 045 039 048 040
Smaller — Not middle | 0.32 0.43 0.21 0.31 0.67 033 043 025 021 024 042
Larger — Even | 0.60 0.65 0.70 0.73 082 0.66 097 0.69 048 0.58 0.69
Larger — Odd | 0.57 055 032 047 046 050 051 040 019 0.25 049
Larger — Not first | 0.58 0.60 0.58 1.00 1.12 055 095 0.69 045 043 052
Larger — Not middle | 044 0.70 0.68 0.74 1.11 0.65 086 0.50 0.38 035 0.57
Even — Not first | 053 095 1.05 072 1.15 059 075 062 045 0.29 0.68
Even — Not middle | 0.59 048 0.53 0.71 098 043 090 047 046 036 0.60
Symmetric KL \

Smaller — Even | 042 0.12 033 028 244 022 056 0.09 0.06 0.18 0.50
Smaller — Odd | 033 024 037 024 227 048 157 030 0.09 029 1.06
Smaller — Not first | 0.37 0.23 0.66 027 197 0.67 040 0.74 0.3 030 0.24
Smaller — Not middle | 0.31 032 026 0.19 132 097 145 1.02 020 021 1.00
Larger — Even | .09 1.19 130 145 352 1.61 287 1.15 044 1.02 1.51
Larger — Odd | 204 0.87 063 055 147 1.63 1.05 072 0.08 039 142
Larger — Not first | 0.69 0.71 245 233 437 205 324 176 1.09 0.53 136
Larger — Not middle | 1.00 0.83 098 1.10 4.07 143 257 147 074 042 094
Even — Not first | 0.75 1.88 177 1.64 4.63 161 214 086 036 0.24 1.28
Even—Notmiddle | 096 0.66 0.81 1.25 353 064 179 0.83 043 044 0.99
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B.2.4 Observations: Two observations — Multiple dice

Je) oY § Q J3o] (\(?
N IS i

Chebyshev A? é'\ g? :,‘:)P é\:? § L & 5 é\l S
Smaller — Even — 2 dice | 046 033 019 043 066 044 037 029 032 028 023
Smaller — Odd — 2 dice | 0.14 0.13 0.13 0.15 041 0.19 0.17 0.23 0.08 0.11 0.08
Smaller — Not first—2 dice | 0.28 0.27 0.18 0.27 0.65 0.53 0.19 024 0.18 027 0.17
Smaller — Not middle — 2 dice | 0.22 0.18 0.15 0.27 0.33 028 0.13 023 0.13 0.16 0.12
Larger — Even — 2 dice | 040 0.16 034 0.29 063 038 030 028 041 025 0.21
Larger — Odd - 2 dice [ 021 012 0.18 031 029 026 028 027 034 024 0.12
Larger — Not first — 2 dice | 0.17 0.10 0.17 0.21 033 0.17 0.16 0.36 030 0.14 0.07
Larger — Not middle — 2 dice | 0.25 0.14 0.22 031 0.39 029 025 037 033 024 0.14
Even — Not first — 2 dice | 0.17 036 0.17 0.57 043 024 045 0.13 0.19 037 0.12
Even — Not middle — 2 dice | 0.22 0.15 0.22 023 031 0.14 021 020 0.18 024 0.12
Smaller — Even — 3 dice [ 039 034 020 034 059 023 029 016 030 022 0.21
Smaller — Odd - 3 dice | 026 023 019 031 059 023 013 0.19 023 0.19 0.19
Smaller — Not first — 3 dice | 0.27 0.20 0.14 0.18 047 033 0.14 0.18 0.17 020 0.13
Smaller — Not middle - 3 dice | 0.26 0.13 0.25 0.19 0.29 040 024 034 023 027 021
Larger — Even — 3 dice [ 032 024 021 022 050 024 023 0.33 033 031 0.17
Larger — Odd - 3 dice | 028 026 014 020 049 026 036 0.32 030 031 0.15
Larger — Not first — 3 dice | 0.15 0.12 012 0.14 030 0.13 021 0.19 021 0.17 0.11
Larger — Not middle — 3 dice | 0.22 0.17 0.20 0.18 041 045 026 024 0.27 040 029
Even — Not first — 3 dice [ 012 043 0.13 021 039 039 020 0.16 0.14 024 023
Even — Not middle —3 dice | 0.16 0.15 0.21 021 040 0.14 0.15 0.14 0.15 0.17 0.13
L1 |

Smaller — Even — 2 dice | 1.25 071 0.60 0.88 133 091 097 0.62 0.68 0.59 0.46
Smaller — Odd - 2 dice | 032 026 048 0.32 088 046 039 0.50 020 023 0.17
Smaller — Not first—2 dice | 0.80 0.63 0.56 0.67 140 1.13 0.71 0.67 055 0.75 045
Smaller — Not middle — 2 dice | 0.53 0.46 042 0.66 0.88 0.77 044 0.70 037 041 047
Larger — Even — 2 dice | 1.10 043 080 0.65 131 082 0.74 0.64 087 0.58 0.1
Larger — Odd - 2 dice [ 0.63 030 048 0.70 064 0.63 0.66 0.66 0.68 0.61 0.30
Larger — Not first — 2 dice [ 052 028 059 0.63 075 091 081 095 093 047 032
Larger — Not middle — 2 dice | 0.62 042 0.54 0.78 0.89 090 0.83 084 0.82 057 033
Even — Not first — 2 dice [ 058 092 074 131 125 0.69 1.09 043 0.65 1.06 045
Even — Not middle —2 dice | 0.80 0.47 0.79 0.66 0.86 051 0.77 058 0.71 0.74 0.43
Smaller — Even — 3 dice [ 099 071 087 0.72 122 054 068 037 068 047 044
Smaller — Odd — 3 dice | 0.64 052 085 0.64 141 054 040 053 050 045 041
Smaller — Not first —3 dice | 0.87 0.66 0.57 051 140 099 058 073 0.58 0.68 0.54
Smaller — Not middle — 3 dice | 0.59 0.36 0.63 0.56 0.75 1.05 0.64 090 0.50 0.65 0.62
Larger — Even — 3 dice | 0.86 059 061 0.62 1.12 0.66 058 0.73 0.76 0.72 0.50
Larger — Odd - 3 dice | 090 0.61 052 0.62 1.02 0.64 079 0.78 0.67 0.73 043
Larger — Not first — 3 dice | 045 046 0.66 0.51 083 0.89 082 0.73 085 0.89 0.54
Larger — Not middle — 3 dice | 0.69 0.55 0.69 0.53 0.97 1.18 0.78 0.72 0.85 097 0.65
Even — Not first — 3 dice [0.69 125 082 0.86 1.68 133 092 0.76 071 1.06 1.04
Even — Not middle —3 dice | 0.80 0.54 0.83 058 1.12 052 0.75 053 0.56 0.69 0.49
Symmetric KL |

Smaller — Even — 2 dice | 542 082 1.76 145 627 196 172 0.73 0.78 0.61 0.64
Smaller — Odd — 2 dice [ 027 0.15 191 031 227 061 059 0.78 011 0.32 0.36
Smaller — Not first —2 dice | 1.14 0.82 050 098 5.18 220 210 096 041 099 0.38
Smaller — Not middle — 2 dice | 0.44 040 0.82 072 123 168 0.81 155 0.18 047 137
Larger — Even — 2 dice | 5.04 042 136 095 415 204 175 1.02 1.62 073 1.02
Larger — Odd - 2 dice [ 226 026 1.11 146 156 251 181 142 1.68 142 1.17
Larger — Not first — 2 dice | 0.68 022 156 0.84 153 445 331 1.60 266 1.14 1.09
Larger — Not middle — 2 dice | 1.16 032 0.88 095 2.11 239 217 135 199 070 0.36
Even — Not first — 2 dice [ 091 123 1.76 325 517 172 594 0.84 1.13 2.62 097
Even — Not middle —2 dice | 2.18 0.46 246 076 1.64 071 143 074 1.18 1.06 0.86
Smaller — Even — 3 dice | 464 073 4.18 127 491 085 127 105 090 0.38 055
Smaller — Odd - 3 dice | 1.12 054 4.06 0.77 511 0.64 060 0.76 040 0.34 044
Smaller — Not first—3 dice | 1.61 0.72 0.79 0.59 4.81 195 129 156 0.58 098 0.79
Smaller — Not middle — 3 dice | 0.62 0.24 0.80 0.56 1.10 243 095 1.76 048 0.87 1.06
Larger — Even — 3 dice | 405 073 1.70 0.82 283 1.76 124 0.88 156 1.07 133
Larger — Odd — 3 dice | 442 103 155 126 237 197 158 145 126 1.08 1.18
Larger — Not first — 3 dice [ 051 0.83 1.83 0.58 142 4.00 211 154 209 220 1.51
Larger — Not middle — 3 dice | 0.86 0.53 1.55 0.66 223 287 125 107 180 154 0.79
Even — Not first — 3 dice | 1.77 280 275 1.52 877 357 266 132 118 262 2.66
Even — Not middle — 3 dice | 2.53 0.61 1.84 058 272 1.17 196 070 0.71 171 1.01
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B.3 Stated Answer (instruction fine-tuned models)

B.3.1 Regular, independent, dependent

P &
&

- I R - SR R A SR S
o Q N N S o ~ A S0

Chebyshev LY o F o XL e & S s
Regular — 1 die 1040 068 056 067 091 090 032 022 000 0.00 0.14
Regular—2dice | 0.67 076 057 094 088 097 080 086 100 051 093
Regular—3dice | 071 098 076 059 0.60 0.60 090 095 1.00 070 0.69

Independent 1 die | 0.54 059 0.66 0.75 0.79 032 023 035 020 013 0.18

Independent — 2 dice | 0.64 0.55 0.96 0.77 095 0.67 0.60 0.80 0.75 090 0.74

Independent — 3 dice | 0.70 0.85 0.80 0.62 0.78 0.89 0.76 0.89 0.80 1.00 0.65

Dependant 1 die | 0.80 0.76 0.71 0.78 0.77 089 0.77 0.76 0.65 0.83 0.70

Dependant — 2 dice | 0.89 0.66 0.83 0.79 0.84 0.88 0.76 091 0.86 086 0.79

Dependant —3 dice | 0.73 0.84 0.74 0.65 0.66 0.88 0.69 0.76 0.85 098 0.78

B.3.2 Observations: One observation

@ s & o & &
X N ok
Chebyshev ‘5? § g ‘:'? C[? ,§) L 63 § g §°
Smaller | 0.99 1.00 0.78 0.79 1.00 099 0.81 0.85 029 0.75 0.81
Larger | 0.67 096 0.88 0.27 0.79 1.00 0.69 098 032 0.07 0.49
Even | 0.84 0.64 091 0.70 0.71 1.00 0.60 0.97 033 091 045
Odd | 0.94 0.67 0.84 048 0.72 096 044 1.00 039 0.67 0.68
Not first | 0.02 1.00 0.76 0.99 0.02 0.00 0.00 0.01 0.00 0.04 0.01
Not middle | 1.00 1.00 1.00 045 0.14 1.00 0.59 095 0.08 0.00 0.22
Smaller — 2 dice | 0.99 084 0.67 091 1.00 1.00 097 0.77 094 1.00 094
Larger — 2 dice | 091 1.00 092 0.85 071 093 0.27 099 098 1.00 0.97
Even - 2 dice | 040 097 040 0.63 1.00 036 0.76 0.57 096 097 092
Odd - 2 dice | 091 1.00 0.79 0.58 056 073 0.83 097 0.54 1.00 0.96

Not middle — 2 dice | 0.37 0.81 092 0.83 1.00 0.69 043 074 0.68 0.70 0.13

Smaller — 3 dice | .00 1.00 0.92 0.67 1.00 099 098 080 093 1.00 094

Larger — 3 dice | 0.89 1.00 0.52 059 077 1.00 0.82 081 078 081 0.76
Even - 3 dice | 090 0.81 0.67 0.71 091 097 0.70 0.73 0.83 098 0.69
Odd - 3 dice | 0.65 093 049 0.82 097 099 0.73 091 091 0.77 090

B.3.3 Observations: Two observations — Single die

Q &
I
© R R R FLT LSS
o ) N N <) ~ Q) N So
Chebyshev XS o F ¢ X L e 4§ o 5
Smaller — Even | 0.76 1.00 099 0.78 1.00 1.00 083 093 0.25 0.76 0.98
Smaller — Odd | 0.75 1.00 098 0.78 1.00 0.98 0.67 094 0.00 1.00 0.50

Smaller — Not first [ 0.95 1.00 0.69 0.81 1.00 086 056 097 034 1.00 0.76

Smaller — Not middle | 1.00 1.00 0.96 0.74 1.00 0.78 0.61 099 039 0.51 0.88

Larger — Even | .00 0.66 1.00 039 1.00 099 066 096 033 1.00 0.69

Larger — Odd | 0.69 1.00 1.00 0.81 0.60 1.00 072 0.88 0.25 1.00 0.53

Larger — Not first | 026 093 0.66 035 0.67 088 032 054 034 045 059

Larger — Not middle | 0.99 0.13 0.67 0.54 058 092 083 0.64 034 044 0.54

Even — Not first | 0.89 0.58 037 0.62 09 094 024 0.88 055 059 0.60

Even—Notmiddle | 096 1.00 0.74 0.75 1.00 0.69 043 097 028 0.71 0.74
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B.3.4 Observations: Two observations — Multiple dice

@ s & & & &
N A5
Chebyshev 3? é'\ g Sob é@ s? 5:?‘ & 5 é\, 5’0
Smaller — Even — 2 dice | 0.88 1.00 0.92 092 100 1.00 1.00 0.87 0.86 1.00 0.94
Smaller — Odd - 2 dice | .00 1.00 098 064 051 068 0.73 100 0.18 1.00 0.96
Smaller — Not first —2 dice | 1.00 1.00 092 0.87 0.28 1.00 099 096 1.00 1.00 0.83
Smaller — Not middle — 2 dice | 0.97 0.50 095 0.58 0.99 0.57 0.82 054 013 099 0093
Larger — Even — 2 dice | 0.85 0.44 098 0.81 050 1.00 1.00 090 1.00 0.58 0.96
Larger — Odd - 2 dice | 091 1.00 0.99 0.8l 070 0.82 1.00 099 0.99 1.00 0.94
Larger — Not first — 2 dice | 095 1.00 095 072 057 1.00 0.71 096 099 1.00 091
Larger — Not middle —2 dice | 0.96 093 0.92 0.76 0.77 092 1.00 0.87 0.58 0.68 0.91
Even — Not middle -2 dice | 0.48 099 0.34 055 060 098 0.73 080 0.75 1.00 0.63
Smaller — Not middle — 3 dice | 1.00 1.00 098 081 1.00 0.99 100 097 099 100 0.99
Larger — Not first — 3 dice | 0.86 0.75 0.72 0.56 0.74 091 0.67 082 1.00 0.81 0.84
Larger — Not middle — 3 dice | 0.78 095 0.71 0.62 0.65 098 0.50 056 0.81 0.92 0.60
Even — Not first — 3 dice | 0.64 099 044 082 096 0.87 0.60 062 0.76 1.00 0.90
Even — Not middle — 3 dice | 0.64 0.88 046 071 097 0.89 0.21 089 0.69 0.89 0.95
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C Scenario 2: Coins

C.1 Revealed Belief (base models)

2 2 8 e o &S 88 5§Q
Chebyshev 3? $ é\, :70 é\ N ke 6’, '17\ & §O
2 coins Regular [ 022 0.13 024 0.17 023 043 0.12 0.08 0.19 0.16 0.14
2 coins Regular 3x Bias | 0.15 0.08 0.04 0.13 0.05 0.11 039 0.09 024 0.18 0.13
2 coins Regular 5x Bias 1002 024 022 025 0.11 022 050 024 041 033 025
2 coins Dependant | 0.12 0.07 0.17 0.09 0.13 0.14 0.16 020 020 0.16 0.20

2 coins Dependant 3x Bias | 0.22 0.24 033 031 0.08 036 022 024 030 023 0.38

2 coins Dependant 5x Bias | 0.36 0.38 0.46 045 027 049 030 036 043 035 049

2 coins Independent [ 0.17 0.16 023 013 0.16 026 020 033 020 020 0.14

2 coins Independent 3x Bias | 0.22 0.23 0.11 0.28 021 030 0.19 0.18 031 023 0.28

2 coins Independent 5x Bias | 0.32 0.34 0.19 042 0.28 040 030 028 043 034 034

3 coins Regular [0.12 0.02 0.11 0.15 0.10 0.19 0.04 006 030 0.16 0.13
3 coins Regular 3x Bias [0.03 0.17 0.12 0.13 0.09 0.17 034 0.17 025 034 0.31
3 coins Regular 5x Bias [0.16 031 030 025 023 031 048 034 039 050 042
3 coins Dependant [0.19 0.15 025 0.8 0.05 022 020 019 0.14 0.12 0.19

3 coins Dependant 3x Bias | 0.27 0.29 037 031 022 041 028 033 040 026 042

3 coins Dependant 5x Bias | 0.39 043 048 045 031 050 038 043 050 042 052

3 coins Independent [ 0.19 0.12 0.18 0.0 0.10 0.14 0.14 028 0.19 0.16 022

3 coins Independent 3x Bias | 0.29 0.28 0.20 0.31 023 034 027 033 033 028 0.38

3 coins Independent 5x Bias | 0.43 041 035 045 035 049 043 046 046 041 050

L1 |

2 coins Regular | 045 027 048 034 045 086 024 0.5 037 031 028
2 coins Regular 3x Bias | 031 0.15 0.08 025 009 021 079 0.17 049 037 025
2 coins Regular 5x Bias | 0.04 048 045 050 022 045 100 048 083 065 049
2 coins Dependant |024 014 034 018 026 029 031 040 040 033 039

2 coins Dependant 3x Bias | 045 049 0.67 0.62 016 0.73 043 047 0.61 045 0.76

2 coins Dependant 5x Bias | 0.72 0.76 092 090 0.54 097 0.60 071 087 0.71 0.99

2 coins Independent | 034 031 046 025 033 052 041 066 040 040 0.28

2 coins Independent 3x Bias | 0.45 047 0.23 0.56 042 059 038 037 0.62 047 055

2 coins Independent 5x Bias | 0.64 0.68 0.38 0.83 0.56 0.79 0.60 0.56 0.86 0.68 0.67

3 coins Regular [ 034 0.05 034 032 020 054 0.08 0.18 0.60 032 025
3 coins Regular 3x Bias 007 051 027 026 021 035 0.67 033 051 0.69 0.62
3 coins Regular 5x Bias [032 070 059 050 046 062 096 0.69 078 100 0.84
3 coins Dependant [039 038 055 044 013 046 039 038 029 029 039

3 coins Dependant 3x Bias | 0.73 0.82 1.02 090 052 1.13 061 0.79 0.86 0.51 0.90

3 coins Dependant 5x Bias | 0.91 0.99 1.16 1.06 0.65 125 078 094 1.04 084 1.09

3 coins Independent | 041 025 044 026 020 028 029 058 039 033 045

3 coins Independent 3x Bias | 0.65 0.66 045 0.71 050 0.74 056 0.69 0.73 0.62 0.80

3 coins Independent 5x Bias | 0.93 0.86 0.71 097 0.72 097 085 097 097 087 1.02

Symmetric KL |

2 coins Regular | 026 0.11 028 024 023 103 006 0.04 026 021 0.12
2 coins Regular 3x Bias [0.11 0.03 0.02 0.07 001 0.05 077 0.03 026 0.14 0.09
2 coins Regular 5x Bias [0.00 029 029 026 007 021 122 026 075 046 031
2 coins Dependant [ 0.10 0.03 022 0.05 0.11 0.18 020 026 029 022 026

2 coins Dependant 3x Bias | 0.24 0.31 0.72 057 0.03 0.71 023 032 043 026 095

2 coins Dependant 5x Bias | 0.60 0.75 126 1.09 034 121 044 071 0.85 0.57 135

2 coins Independent | 0.18 0.14 036 010 0.19 035 027 065 019 022 0.12

2 coins Independent 3x Bias | 0.27 0.33 0.09 039 0.23 0.65 020 028 0.56 033 0.54

2 coins Independent 5x Bias | 0.60 0.71 0.25 0.86 046 1.02 048 055 1.07 0.68 0.78

3 coins Regular [ 0.14 0.00 0.16 0.16 006 046 0.01 004 041 0.16 0.07
3 coins Regular 3x Bias [0.01 041 0.13 0.12 008 020 0.87 0.19 035 085 0.73
3 coins Regular 5x Bias [015 096 063 042 039 063 156 0.68 077 167 1.27
3 coins Dependant [ 020 0.19 040 0.27 0.03 0.31 020 022 0.15 020 020
3 coins Dependant 3x Bias | 0.73 0.99 1.46 123 040 181 0.58 0.88 1.28 047 1.31
3 coins Dependant 5x Bias | 1.40 1.81 225 205 082 272 1.11 162 213 1.12 232
3 coins Independent [0.19 0.09 030 0.10 0.07 0.12 0.16 046 025 024 0.30

3 coins Independent 3x Bias | 0.64 0.72 040 091 038 099 053 083 091 0.69 1.07

3 coins Independent 5x Bias | 1.35 1.31 092 1.67 087 181 116 154 1.62 133 1.78
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C.2 Revealed Belief (instruction fine-tuned models)

& 2 & o & &
5

Chebyshev 'g? $ g 55 é\b Ac? 5 Ol%\ 5 é\] $

2 coins Regular [0.19 0.15 0.19 039 036 020 020 022 028 025 0.10

2 coins Regular 3x Bias [ 0.10 0.02 0.08 0.27 039 0.06 023 0.25 0.12 0.31 0.09

2 coins Regular 5x Bias [ 005 0.14 023 038 025 0.08 026 033 020 042 0.13

2 coins Dependant [ 033 0.17 020 0.28 043 033 027 026 027 025 0.14

2 coins Dependant 3x Bias | 0.47 0.24 042 050 043 042 043 034 044 018 0.21

2 coins Dependant 5x Bias | 0.58 0.38 0.51 0.61 047 055 0.54 046 053 029 0.37

2 coins Independent [ 026 031 027 034 044 0.16 0.19 034 0.17 034 0.12

2 coins Independent 3x Bias | 0.32 0.28 0.16 046 0.26 028 0.5 028 031 034 0.23

2 coins Independent 5x Bias | 0.39 032 0.23 059 0.28 045 0.23 036 042 043 0.30

3 coins Regular [0.12 022 011 051 061 035 013 0.16 043 027 0.13
3 coins Regular 3x Bias [ 0.10 0.16 0.08 047 056 0.18 036 025 052 038 0.27
3 coins Regular 5x Bias [019 029 023 055 064 032 050 042 056 0.53 040
3 coins Dependant | 0.40 020 032 037 042 030 032 026 030 0.16 0.09

3 coins Dependant 3x Bias | 0.54 033 043 050 0.62 042 043 040 050 025 0.25

3 coins Dependant 5x Bias | 0.63 0.45 0.54 0.60 0.69 053 0.50 053 059 042 043

3 coins Independent [ 027 021 022 024 051 0.16 015 034 0.18 021 0.16

3 coins Independent 3x Bias | 0.37 0.26 0.19 043 049 026 0.29 044 035 032 0.32

3 coins Independent 5x Bias | 0.47 039 0.32 056 0.60 043 043 057 051 045 044

L1 \

2 coins Regular [ 037 031 039 078 072 039 040 045 056 0.51 0.19
2 coins Regular 3x Bias | 020 0.03 0.16 053 078 0.1 046 051 024 0.61 0.19
2 coins Regular 5x Bias [010 028 045 0.75 051 0.15 052 0.66 040 0.84 0.26
2 coins Dependant [ 0.67 033 040 057 085 0.67 053 051 055 049 0.28

2 coins Dependant 3x Bias | 0.94 0.49 0.84 099 0.85 083 0.85 0.69 0.88 037 042

2 coins Dependant 5x Bias | 1.16 0.75 1.02 122 094 1.10 1.07 092 1.06 059 0.74

2 coins Independent | 052 0.62 055 0.68 088 032 037 0.69 033 0.68 0.24

2 coins Independent 3x Bias | 0.63 0.56 0.33 091 0.52 055 031 056 0.61 0.68 045

2 coins Independent 5x Bias | 0.77 0.64 046 1.19 0.55 090 046 0.71 0.84 0.86 0.59

3 coins Regular [023 044 036 1.03 122 071 032 034 087 0.54 029
3 coins Regular 3x Bias [022 032 017 095 1.13 035 073 050 1.05 0.76 0.54
3 coins Regular 5x Bias 038 058 048 1.11 128 063 100 0.84 1.13 105 0.79
3 coins Dependant | 0.83 048 0.66 0.77 088 0.68 0.76 0.52 0.66 0.37 021

3 coins Dependant 3x Bias | 1.19 0.73 1.11 1.12 124 1.04 104 089 1.04 0.50 0.1

3 coins Dependant 5x Bias | 1.34 098 125 129 138 123 1.17 1.14 121 084 0.86

3 coins Independent | 0.58 046 051 048 101 036 035 0.68 038 045 0.36

3 coins Independent 3x Bias | 0.81 0.55 0.42 091 0.99 063 058 089 0.70 0.68 0.69

3 coins Independent 5x Bias | 0.99 0.79 0.67 1.15 120 094 0.86 1.14 1.02 091 091

Symmetric KL |

2 coins Regular [ 025 0.19 027 089 1.16 039 031 0.32 047 048 0.06
2 coins Regular 3x Bias [ 0.05 0.01 0.04 032 111 0.02 025 030 0.16 041 0.06
2 coins Regular 5x Bias [ 0.05 0.09 027 060 055 003 036 050 021 0.77 0.16
2 coins Dependant | 0.84 021 038 0.84 204 0.74 056 048 0.69 0.55 0.15

2 coins Dependant 3x Bias | 1.30 030 122 1.62 146 103 1.12 081 1.03 025 0.27

2 coins Dependant 5x Bias | 1.85 0.66 1.78 233 1.71 1.74 1.60 130 144 043 0.65

2 coins Independent [039 0.66 049 0.68 152 0.14 021 0.82 022 0.77 0.09

2 coins Independent 3x Bias | 0.57 0.49 0.19 1.12 0.67 041 0.4 0.61 053 086 043

2 coins Independent 5x Bias | 0.93 0.72 0.37 190 0.52 1.01 036 09 094 130 0.70

3 coins Regular [0.08 022 023 1.83 348 0.63 022 0.16 094 045 0.09
3 coins Regular 3x Bias | 0.08 0.16 005 1.83 3.03 0.17 092 034 206 1.10 0.56
3 coins Regular 5x Bias [ 017 049 043 224 338 049 141 095 231 187 1.12
3 coins Dependant | 1.26 041 065 120 212 0.76 098 045 081 040 0.12

3 coins Dependant 3x Bias | 2.10 0.82 1.84 237 330 149 183 140 198 041 048

3 coins Dependant 5x Bias | 2.98 1.61 2.68 357 442 257 257 239 296 1.04 129

3 coins Independent | 0.54 039 040 043 1.78 023 0.16 0.73 024 058 020

3 coins Independent 3x Bias | 1.06 0.56 0.37 1.78 2.12 0.75 0.59 146 1.00 096 0.98

3 coins Independent 5x Bias | 1.62 1.08 0.88 291 299 1.67 1.12 233 184 158 1.65
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C.3 Stated Answer (instruction fine-tuned models)

2 Q Q Q ey ,\$ Q J2e] §§?
Chebyshev N é'\ 8 § C(D\ 57 5? &’ 5 g S
2 coins Regular [ 056 0.75 053 079 059 065 031 076 025 0.00 021
2 coins Regular 3x Bias [0.28 099 004 063 077 024 066 028 002 0.00 0.28
2 coins Dependant | 0.67 085 073 0.63 0.63 070 049 086 049 052 0.61
2 coins Dependant 3x Bias | 0.26 0.88 041 0.77 091 042 051 071 050 032 052
2 coins Independent [ 076 0.86 052 071 046 039 055 059 026 028 0.28
2 coins Independent 3x Bias | 0.40 0.84 045 0.66 0.70 047 0.69 048 047 041 0.69
3 coins Regular | 049 096 027 061 074 035 013 004 000 029 025
3 coins Dependant | 0.64 0.66 075 0.60 0.67 036 067 047 029 034 0.54
3 coins Independent | 0.67 0.78 042 0.68 0.86 054 055 029 042 0.17 0.34
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D Scenario 3: Choice

D.1 Revealed Belief (base models)

2 &
o
@ R R o R FS RS
3 S N N S ™ e N Q X
Chebyshev Ly o5 &L L e & oo S
Regular — 2 choices | 042 041 046 041 042 043 039 041 032 046 0.38
Regular — 4 choices | 045 048 061 044 054 057 032 055 035 0.65 034
Regular — 6 choices | 042 040 0.62 037 050 0.58 034 054 037 078 0.30

Independent — 2 choices | 0.45 0.38 042 0.38 038 041 030 028 0.22 033 0.24

Independent — 4 choices | 0.31 030 029 030 031 031 024 028 021 025 0.22

Independent — 6 choices | 0.24 020 021 024 021 023 0.17 020 0.14 021 0.17

L1 \

Regular — 2 choices | 0.85 0.82 092 0.83 0.85 0.86 0.79 083 0.64 093 0.76
Regular — 4 choices | 091 096 122 0.89 109 1.14 0.64 1.10 070 130 0.68
Regular — 6 choices | 0.85 079 123 074 099 1.16 0.68 1.09 081 157 0.66

Independent — 2 choices | 0.89 0.76 0.84 0.77 0.77 0.81 0.61 055 044 0.67 048

Independent — 4 choices | 0.66 0.68 0.62 0.65 0.66 0.61 0.52 058 044 052 044

Independent — 6 choices | 0.56 0.53 049 055 049 053 044 045 036 042 040

Symmetric KL \

Regular — 2 choices | 1.06 095 143 099 1.06 1.14 0.84 099 048 150 0.76
Regular — 4 choices | 097 120 1.82 094 134 150 053 146 076 228 0.59
Regular — 6 choices | 1.05 085 1.82 070 1.15 1.62 075 144 089 3.61 0.57

Independent — 2 choices | 1.28 0.80 1.10 0.84 0.86 095 043 035 021 0.64 0.27

Independent — 4 choices | 0.84 0.79 0.75 0.70 0.87 0.88 050 0.62 033 049 0.37

Independent — 6 choices | 0.66 0.52 0.57 056 0.55 0.78 037 042 023 048 0.38

D.2 Revealed Belief (instruction fine-tuned models)

Q &
Y

QR R o RS LSRR S
o Q N N S o " N So

Chebyshev S & F ¢ X L 3 & S S
Regular— 2 choices | 0.21 041 049 046 050 047 034 044 032 049 035
Regular— 4 choices | 0.16 043 068 051 072 055 042 054 029 072 032
Regular— 6 choices | 0.14 036 0.69 046 072 042 0.18 053 030 082 029

Independent — 2 choices | 0.42 0.32 046 044 050 038 021 038 025 038 0.14

Independent — 4 choices | 0.34 0.35 0.31 034 044 031 028 031 023 027 0.23

Independent — 6 choices | 0.25 0.25 0.21 0.22 0.50 0.23 022 021 017 022 0.18

L1 \

Regular — 2 choices | 0.41 0.82 097 092 100 095 0.67 088 064 099 0.70
Regular — 4 choices | 031 0.86 136 1.01 145 1.09 084 107 066 145 0.65
Regular — 6 choices | 0.56 072 138 092 144 088 056 1.06 076 1.63 059

Independent — 2 choices | 0.85 0.63 0.92 0.88 1.00 0.77 042 0.76 0.51 0.76 0.27

Independent — 4 choices | 0.78 0.72 0.67 0.81 0.98 0.70 0.58 0.64 046 0.53 0.47

Independent — 6 choices | 0.68 0.59 049 0.62 1.09 058 051 046 043 046 041

Symmetric KL |

Regular — 2 choices | 0.18 095 2.07 143 400 1.72 055 121 048 260 0.62
Regular — 4 choices | 019 090 252 123 389 154 129 138 0.60 357 048
Regular — 6 choices | 049 0.66 245 1.07 3.13 1.18 053 133 092 474 050

Independent — 2 choices | 1.06 0.76 147 142 450 0.84 024 0.76 029 0.88 0.08

Independent — 4 choices | 1.22 099 1.09 135 342 1.18 065 0.75 037 055 0.39

Independent — 6 choices | 1.06 0.72 0.72 0.87 3.22 1.14 045 043 036 059 0.36
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D.3 Stated Answer (instruction fine-tuned models)

& - i
N N ) A
Chebyshev § § § 5? (1;3’ § L 53 5 é\* g
Regular — 2 choices | 0.41 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Regular — 4 choices | 0.00 0.61 0.50 0.68 1.00 0.48 0.00 0.00 0.00 0.00 0.00
Independent — 2 choices | 0.34 033 048 0.24 051 0.00 0.00 0.03 0.03 0.00 0.01
Independent — 4 choices | 0.40 0.75 0.57 0.66 0.75 0.13 0.30 0.28 0.06 0.00 0.04
E Scenario 4: Preference
E.1 Revealed Belief (base models)
R
I3 * & 2 & 5"
Chebyshev Af.p S g ':'? éb Ac? A{:v; 8 5 é\] §o
Heads | 043 0.9 036 032 038 024 029 043 032 036 0.39
Heads 2x [ 0.25 0.12 025 024 021 024 028 0.15 021 020 0.24
Heads 3x | 0.16 0.04 0.16 0.15 025 0.16 020 0.05 0.13 0.13 0.12
Left | 032 039 049 035 035 042 012 047 037 048 0.39
Left 2x | 0.15 026 032 0.13 021 028 0.00 023 0.17 0.26 0.09
Left 3x [ 0.05 0.16 023 005 0.02 0.19 0.06 0.15 0.07 0.18 0.02
Heads Independent | 021 035 034 038 043 018 0.21 030 022 034 030
Heads Independent 2x | 0.11 0.13 033 024 036 0.17 0.09 029 023 028 0.22
Heads Independent 3x | 0.11 023 0.33 024 049 0.16 0.15 027 024 036 022
Left Independent | 036 0.28 042 034 042 024 025 030 026 0.37 0.30
Left Independent 2x | 0.19 0.14 0.37 024 031 012 027 028 023 030 025
Left Independent 3x | 0.21 0.16 0.37 024 032 015 036 026 027 029 035
L1 \
Heads | 0.87 039 0.73 0.63 0.76 047 058 0.85 065 072 0.79
Heads 2x | 0.50 0.25 050 048 043 048 057 030 043 041 048
Heads 3x | 033 0.08 031 031 050 031 040 0.10 026 0.25 0.24
Left | 0.64 0.77 098 0.70 070 0.85 024 095 0.73 095 0.79
Left 2x [ 030 0.52 0.63 026 043 056 0.00 045 034 051 0.18
Left 3x | 0.10 0.32 046 0.10 0.04 038 0.11 031 0.14 0.36 0.04
Heads Independent | 043 0.70 0.67 0.76 0.86 0.36 041 0.60 043 0.67 0.60
Heads Independent 2x | 0.23 026 0.65 047 0.71 0.34 018 058 046 055 043
Heads Independent 3x | 0.21 046 0.65 047 098 032 030 054 048 0.73 045
Left Independent | 0.72 0.56 0.83 0.68 083 048 050 0.60 0.53 0.73 0.59
Left Independent 2x | 0.38 0.27 0.75 049 0.61 0.24 0.53 0.57 046 0.60 0.50
Left Independent3x | 042 0.32 0.73 049 0.65 030 0.73 052 055 058 0.70
Symmetric KL |
Heads | 1.14 016 0.67 047 076 024 038 1.08 0.50 0.65 0.83
Heads 2x | 042 0.08 042 037 028 037 064 0.12 028 024 0.39
Heads 3x | 021 0.01 0.18 0.18 027 0.18 037 0.01 0.12 0.11 0.10
Left | 0.48 0.80 230 0.62 062 1.06 0.06 172 069 175 0.84
Left 2x [ 0.12 049 1.04 009 028 0.61 0.00 032 0.16 047 0.04
Left 3x | 0.01 0.19 0.66 0.01 0.00 031 0.02 0.18 0.03 028 0.00
Heads Independent | 0.29 0.62 0.59 084 134 0.13 0.18 041 021 066 041
Heads Independent 2x | 0.10 0.14 0.64 027 0.79 0.14 0.04 043 031 061 027
Heads Independent 3x | 0.06 0.31 0.86 0.33 2.00 0.15 0.12 047 045 090 040
Left Independent | 0.69 036 1.04 0.63 106 027 031 046 032 0.69 041
Left Independent 2x | 0.20 0.10 0.87 029 0.75 0.07 030 042 039 053 036
Left Independent 3x | 0.25 0.21 1.01 037 098 0.13 0.59 037 057 0.68 0.61
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E.2 Revealed Belief (instruction fine-tuned models)

o o f o & &
¥ N i
Chebyshev § é'\ § § é\b A§ < 53 \;Q SN -So
Heads | 0.47 032 038 038 050 045 045 040 034 033 040
Heads 2x [032 0.04 025 025 033 033 030 0.15 028 032 022
Heads 3x [ 024 0.00 0.15 0.17 025 025 0.14 009 0.19 024 0.14
Left | 0.46 046 0.50 047 050 045 0.09 048 043 050 0.34
Left 2x [ 027 031 033 026 033 031 055 026 0.19 032 0.06
Left 3x [ 0.17 023 025 0.18 025 023 070 0.19 0.07 024 0.02

Heads Independent | 0.48 042 040 044 050 023 035 038 036 042 0.24

Heads Independent 2x | 0.24 0.27 0.40 0.30 044 021 040 032 023 033 0.13

Heads Independent 3x | 0.29 025 0.40 030 049 0.19 048 033 023 035 0.14

Left Independent | 049 036 043 043 050 029 027 035 041 042 0.19

Left Independent 2x | 0.46 030 0.42 034 044 037 060 030 030 035 0.17

Left Independent 3x | 0.46 031 043 035 044 046 068 031 029 036 0.25

L1 \
Heads 093 0.64 075 077 1.00 091 091 081 067 066 0.80
Heads 2x | 0.64 0.08 050 051 066 066 060 030 056 0.63 043
Heads 3x | 047 001 031 033 050 049 029 0.17 038 047 029
Left 1092 093 1.00 093 1.00 091 0.19 096 086 099 0.67
Left 2x | 055 0.63 066 051 067 063 1.11 051 037 063 0.13
Left 3x 035 045 050 036 050 045 141 038 0.14 047 0.04

Heads Independent | 0.96 0.83 0.79 0.87 1.00 046 0.70 0.76 0.72 0.83 048

Heads Independent 2x | 0.49 0.53 0.81 0.60 0.88 043 0.80 0.65 046 0.65 0.26

Heads Independent 3x | 0.59 0.51 0.80 0.60 098 038 097 0.67 046 0.70 0.28

Left Independent [097 0.73 0.87 086 1.00 058 053 070 0.82 0.83 0.38

Left Independent 2x | 0.92 0.60 0.84 0.69 0.88 0.75 120 0.59 059 0.69 0.33

Left Independent 3x | 0.92 0.63 0.86 0.71 0.88 092 135 0.61 058 0.72 0.50

Symmetric KL \

Heads | 158 048 073 078 299 136 136 091 055 052 087
Heads 2x | .18 0.01 042 044 210 150 081 0.12 061 1.05 0.29
Heads 3x | 0.74 0.00 0.18 021 147 1.08 0.15 005 031 075 0.15
Left | 143 150 3.05 158 550 136 0.03 193 1.14 266 0.55
Left 2x | 056 1.00 176 047 344 1.00 153 047 020 1.09 0.02
Left 3x | 024 058 121 028 248 0.60 283 0.31 0.03 074 0.00

Heads Independent | 1.95 1.00 0.88 131 500 057 062 076 082 1.02 0.27

Heads Independent 2x | 0.29 041 1.06 048 229 022 0.74 055 031 0.68 0.09

Heads Independent 3x | 0.51 0.53 121 052 298 022 1.08 0.67 029 099 0.14

Left Independent [238 073 1.17 124 424 058 0.83 066 099 1.02 0.17

Left Independent 2x | 1.57 048 123 0.64 195 095 226 049 056 0.64 0.13

Left Independent 3x | 1.64 0.57 149 0.76 2.09 121 289 054 068 0.83 0.29

E.3 Stated Answer (instruction fine-tuned models)

® @ 2 a & &
3 N i
Chebyshev 3? $ g § C[J@ Aéb < 53 5 &N S%
Heads [ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Heads 3x | 0.01 057 048 038 000 042 048 050 0.00 0.00 0.02
Left [ 0.00 0.00 0.00 0.00 0.50 0.00 0.00 0.00 0.00 0.00 0.00
Left 3x [ 0.50 1.00 0.23 0.68 095 0.39 050 050 045 050 045

Heads Independent | 0.48 0.74 0.00 0.04 0.78 0.00 0.00 0.09 0.00 0.00 0.00

Heads Independent 3x | 0.33 095 0.54 0.70 0.38 0.65 029 055 028 0.24 0.36

Left Independent | 0.64 051 023 0.09 0.03 0.00 0.00 0.00 0.00 0.00 0.01

Left Independent 3x | 0.38 1.00 0.77 0.80 098 0.16 0.60 0.54 0.65 0.28 0.52
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