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Abstract

Interpreting reasoning methods that operate
within the context of LLLMs, such as chain-of-
thought, crucially depends on the transparency
of whether the model actually follows the in-
tended reasoning process. We focus on whether
the beliefs held by a model remain consistent
before and after the extension of the context.
Previous research on consistency evaluation
typically uses data with correct answers, which
is problematic as the inability to arrive at the
correct answer in the first place makes it unsuit-
able for assessing consistency. Furthermore,
evaluating cases where inconsistency stems
from multiple errors poses difficulties. We pro-
pose a new evaluation method to assess the
consistency of LLMs in a multiple-choice ques-
tion answering format, designed so that any
option chosen is correct, allowing for the evalu-
ation of the proposed belief consistency. It also
supports isolation of errors such as reasoning
failures and biases. We reveal that the belief
consistency does not improve by model size
scaling alone, whereas continual pre-training
on coding and mathematics text improves it.
Furthermore, models trained on code and math-
ematics text show a seemingly contradictory
result of increased logical failures, indicating
that belief consistency and superficial consis-
tency are not necessarily directly linked.

1 Introduction

Large language models (LLMs) have been shown
remarkable ability to understand given contexts.
Building on this capability, many studies have ex-
plored techniques that allow LLMs to mimic hu-
man thinking processes, such as Chain-of-Thought
(CoT) prompting and reasoning models (Wei et al.,
2022; DeepSeek-Al, 2025; Yang et al., 2025a).
While many studies attempt to mimic human think-
ing processes in LLMs, the mechanisms under-
lying contextual understanding in LLMs differ
from those of humans. Consider the game of 20

Questions (Bertolazzi et al., 2023; Zhang et al.,
2024) as an illustrative example. 20 Questions is
a two-player game consisting of a questioner and
a guesser. At the beginning of the game, the ques-
tioner secretly imagines an entity (e.g., “apple”).
The guesser may ask yes/no questions (e.g., “Is it a
Sfruit?”), and the questioner must respond truthfully
and consistently with respect to the initially chosen
entity. The goal of the guesser is to identify the
entity within 20 questions. When the questioner is
human, the entity initially conceived is expected
to remain consistent throughout the game. Now
consider conducting this game with an LLM acting
as the questioner, instructed to imagine an entity
without explicitly revealing it in its outputs. In
this setting, the LLM can still produce responses to
the guesser’s questions. However, unlike a human
questioner, there is no guarantee that the entity
implicitly treated as the correct answer remains
consistent across turns. For instance, the LLM may
behave as if “apple” were the correct answer be-
fore a certain question, but switch to behaving as if
“orange” were the initially chosen entity after the
question. Furthermore, since outputs of an LLM
are decoded via sampling, the imagined correct an-
swer should not be regarded as a single fixed entity,
but rather as the tendency over possible answers.
We focus on such output tendencies and treat
them as beliefs internally held by the LLM. If an
LLM’s beliefs are consistent under successive ex-
tensions of the context, the correct answer in the
game of 20 Questions would remain unchanged
after each question. More generally, beyond the
setting, when a model with consistent beliefs is
prompted to perform CoT reasoning, we can expect
its final belief to transition from the initial belief
in accordance with the intermediate reasoning pro-
cess, allowing the generated reasoning tokens to be
interpreted as a trace of actual state transitions. In
contrast, for models lacking such belief consistency,
even when a shift in reasoning or decision-making



is explicitly express in the output, it does not neces-
sarily indicate a genuine shift from the prior output
tendencies.

In this study, we propose a method to evaluate
the consistency between the beliefs at the prior in-
put context and the final generated outputs. Our
evaluation is conducted through a multiple-choice
question answering (MCQA) task (Pezeshkpour
and Hruschka, 2024). We define the beliefs of a
model as its tendencies over the available choices,
represented as a probability distribution. When
generating answers, we also provide additional con-
text that induces logical reasoning and compare
the resulting beliefs with those obtained without
such context. We quantitatively evaluate the be-
lief consistency using the Jensen—Shannon (JS) di-
vergence (Lin, 1991). A major concern with this
method is that typical MCQA tasks contain a cor-
rect answer, which can introduce substantial bias
into the model’s selection tendencies. To address
this issue, we design a task inspired by the game of
20 Questions. In this task setting, all options are
equally valid choices, thereby removing the bias of
a correct answer. To further mitigate known biases
such as likelihood bias (Ohi et al., 2024) and posi-
tion bias (Pezeshkpour and Hruschka, 2024), the
dataset is constructed from options with compara-
ble likelihood levels, and consistency is measured
as an average over all permutations of option or-
derings. Moreover, to examine the behavior of
a language model with as little bias as possible,
we sample answers via free-form generation rather
than computing log probabilities over a pre-defined
answer set.

Through experiments across various model fam-
ilies, we found that consistency does not improve
through model scaling alone. In contrast, training
on mathematics and coding corpora substantially
improves consistency and modest gains from scal-
ing. Furthermore, continually pre-trained models
on such corpora exhibit higher selection entropy
than their corresponding base models.

Our contributions are summarized as follows:

* We propose a quantitative evaluation method
and a synthetic dataset to assess the consis-
tency of an LLM’s belief. The proposed
method employs a 20 Questions-inspired task
design in which any option is valid, thereby
eliminating correct-answer bias.

* Through experiments with various open-
weight models, we find that belief consistency

is not improved by model size scaling alone,
but is substantially enhanced by continual pre-
training on coding and mathematical corpora.

2 Related Work

Currently, research on the consistency of beliefs
not explicitly appearing in LLM outputs is still de-
veloping, and it remains unclear to what extent it
can be expected or how it should be measured. On
the other hand, various prior studies exist regard-
ing the consistency of content that does explicitly
appear in inputs and outputs (Cheng et al., 2025).
Our research differs in its focus on the part of be-
lief that does not directly appear in inputs nor out-
puts. While much prior research exists on extract-
ing LLM preferences and knowledge, these studies
do not primarily focus on examining the consis-
tency of the model’s belief (Rafailov et al., 2023;
Metropolitansky and Larson, 2025; Gekhman et al.,
2025). However, if belief consistency does not
hold, it becomes difficult to evaluate the validity of
the extracted preferences and knowledge. A theme
close to our research is consistency training (Ir-
pan et al., 2025). The method improves output
consistency by training the model to produce the
same output or activation even when an input is
semantically preserved but modified, based on the
output actually sampled from the LLM for that
input. The prior study uses a single output or ac-
tivation as the ground truth. In contrast, we focus
on the overall tendency rather than a single cor-
rect answer. We also differ in our primary focus,
which is not on achieving consistency itself, but on
evaluating the extent to which widely used LLMs
possess consistency and what factors contribute to
its improvement.

3 Method

We propose a method for measuring the belief con-
sistency of the output tendency of an LLM through
time. We define this consistency as the degree to
which the transition of its output tendency remains
logically consistent before and after a context ex-
tends with logical reasoning from the initial context.
We expect that the context given to the LLM de-
fines the state of the model at the time, and the
extension of the context to be a state transition. To
target a more general form of consistency, we fo-
cus on the potential tendency held by the model,
specifically when its decision at that point is not
explicitly stated in the prior context, and measure



this using sampling-based tendency measurement.
Figure 1 shows an overview of the proposed
consistency measurement method. We give a task
instruction to the LLM to perform an MCQA task,
and its selection tendency is observed as a proba-
bility distribution based on the occurrence rate of
each choice in the sampled output answers. Here
we observe two types of selection tendencies: a
prior distribution, where the answer frequencies
are counted immediately after the task instruction,
and a posterior distribution, where the model an-
swers after a context involving logical reasoning is
added to the same task instruction. We then quan-
titatively evaluate the logical consistency between
the two tendencies using JS divergence, ultimately
obtaining an consistency score. The range of the
consistency score is [0,1]. A higher score indi-
cates that the model’s output tendencies transition
consistently with the contextual development.

3.1 Measuring Output Tendency via Sampling

The output tendency of an LLM is observed as
the frequencies of decisions made over repeated
generative sampling. Given context C, the LLM
generates a subsequent token sequence by random
sampling. From the generated token sequence, a de-
cision d is extracted through a simple string match-
ing. This generation process is iterated multiple
times for the single context C, resulting in a set of
decisions. Let N dc denote the number of times d is
extracted from context C'. We simply use the maxi-
mum likelihood estimation to estimate the proba-
bility over decisions:
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In our experiment, we provide the task instruction
and candidate options in a 3-choice MCQA format
as the context and extract the model’s answer as
its decision. If multiple options match within a
generated sequence, or if none are found, we treat
it as a verbal error, and we also measure its proba-
bility p,, Therefore, for a given context C, we
obtain a probability distribution p© composed of
4 classes: the options dj, ds, d3 in the order they
were presented in the prompt, and the verbal error

(pc(j; +pdC'2 +pdc; +pe6;r0r =1.

3.2 20 Questions-like MCQA Task

We have an LLM solve an MCQA task and observe
its selection tendencies. However, typical MCQA

tasks have a correct answer, which should intro-
duce a strong bias into the tendencies. Therefore,
inspired by the game of 20 Questions, we design
an MCQA task in which every provided option is
a valid choice, thereby eliminating bias caused by
answer correctness. We employ a conversational
prompt throughout the experiment.

In this task, the LLM and the user play the roles
of the questioner and the guesser, respectively. The
LLM is asked to freely choose one entity, keeping
its choice hidden until the user requests to reveal
it. In the original 20 Questions, the choice can
be made without any restrictions. However, here
we provide a fixed option set consisting of three
entities to keep the observation computationally
tractable. Since any option is valid in this task,
there is no bias from a correct answer. This elimi-
nates the need to consider task errors in the subse-
quent analysis, allowing us to focus purely on the
transition of the thinking process.

Initially, the LLM takes a system prompt contain-
ing instructions to secretly select one of the given
three entities. To expect the model to be consis-
tent during performing the task, the system prompt
also states that the model must answer subsequent
Yes/No questions based on the selected entity, must
not change the selected entity midway, and must
comply with user requests for disclosure.

Under this task setting, we construct two types
of conversation scenarios, namely the prior and the
posterior scenarios, starting from the same system
prompt with a certain option set. We expect that
the context defines the state of the LLM, and that
extending the context through subsequent logical
inference induces a state transition. In the prior
scenario, the LLM is prompted to reveal which op-
tion it has chosen immediately after receiving the
system prompt. We generate the assistant response
subsequently and treat it as the selected option by
LLM. We determine which option is chosen by
string matching with each option presented in the
system prompt. The selection tendency observed
at this point is regarded as the initial state of the
LLM defined by the system prompt, which we re-
fer to as the prior distribution. In the posterior
scenario, starting from the same system prompt,
we provide an additional conversation designed to
elicit a logical update in the choice distribution,
rather than prompting the LLM to reveal its choice
immediately. According to the assumption above,
this leads to a state transition, and the resulting
tendency is referred to as the posterior distribution.
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Figure 1: Overview of the experiment. Starting from the same MCQA system prompt, we construct two scenario
contexts, a prior and a posterior, and evaluate consistency by comparing response tendencies. If an LLM’s belief is
consistently maintained, 2-class distributions in the two scenarios should match, resulting in a lower JS divergence.

The LLM is then prompted to reveal its chosen
option as in the prior scenario.

We expect the selection tendency to transition
consistently from the prior to the posterior accord-
ing to the logical update. It is essential that the
ideal posterior distribution is computationally pre-
dictable from the prior distribution so that the con-
sistency can be evaluated. Moreover, we must en-
sure that the context does not include a concrete
decision in any form before the model is explicitly
asked to disclose it. Specifically, we construct a
single user-assistant conversation turn that rejects
the possibility of one of the three choices, narrow-
ing the options down to two (e.g., “user: Is it dy ?”
— “assistant: No.”). In this task, all choices are
independent, and the rejection provides no addi-
tional information about the remaining two options.
Therefore, the ideal selection ratio for these two
options in the posterior scenario is expected to be
the same as in the prior scenario. We used a simple
dialogue for this rejection context. The underlying
reason is as follows: if the rejection conversation
contains complex logic, the model’s reasoning abil-
ity may be overly challenged, leading to errors
caused by failure to understand the logic. Such er-
rors constitute noise that is unrelated to the purpose
of evaluating consistency, and should therefore be
avoided.

3.3 Two Class Consistency Score

In our task setting, the selection ratio between the
two remaining valid options in the posterior sce-
nario should be preserved from the ratio of those
same two options in the prior scenario. Therefore,

we define the consistency score by measuring how
well this ratio is preserved.

Specifically, let « and 3 denote the two non-
rejected options in the order they appear in the
system prompt. We first normalize the selection
probabilities over these two options for both the
prior and posterior scenarios as follows:

= _ Py

p = 9 (2)
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where d’ € {«, 8} and C € {prior, posterior}.

We then compute the instance-level 2-class con-
sistency score using the JS Divergence between the
normalized 2-class distributions:

[imstance _ 1 _ jQD) (pprior H pposterior)' 4)
Since we cannot assume either the prior or poste-
rior better reflects the model’s true tendency, we
adopted JS divergence because it is symmetric.

To mitigate entity- and order-dependent biases,
we evaluate multiple sets of three options and all
permutations of each set. We additionally prepare
two rejection templates to reduce prompt-specific
biases. Each ordered option list combined with a
rejection template constitutes one instance. The
final 2-class consistency score is obtained by aver-
aging across all instances. The consistency score
ranges from 0 to 1, with higher values indicating
that decision-making transitions consistently fol-
low contextual developments. A model exhibiting
high consistency suggests that its internal reasoning
is coherent, and the tokens it produces for thinking
reflect a faithful track of its actual thinking process.



A model that has a strong preference to choose
a specific option regardless of the context would
also be evaluated as highly consistent under this
metric. To separately quantify such biases, we addi-
tionally compute the instance-level entropy of the
normalized 2-class distribution for each scenario
and report their average over instances.

3.4 Three Class Consistency Score

In the 2-class consistency score above, the model’s
tendency toward the rejected option in the poste-
rior context does not affect the score. This is be-
cause the selection of the rejected option pertains
to logical consistency with explicitly mentioned
content, which is different to our primary focus on
the model’s internal consistency. On the other hand,
measuring how rarely the rejected option is selected
is also valuable from the perspective of evaluating
general logical reasoning ability. Therefore, we
additionally compute the 3-class consistency score
that accounts for the rejected option.

For the posterior distribution, we normalize the
probabilities over all three options, including the
rejected one. Meanwhile, for the prior distribution,
we normalize only over the two appropriate options
using the same procedure as in Equation (2), and
assign a probability of 0% to the rejected option
to represent the ideal posterior behavior. The final
3-class consistency score is then computed using
the same formulation as Equation (4).

4 Experimental Setting

To analyze the effects of scaling, continued pre-
training, and thinking processes, we experimented
with various sizes of the following model families:

e Llama 3.1 family (8B, 70B, 405B) (Grattafiori
et al., 2024)

* Qwen2.5 family (0.5B, 1.5B, 3B, 7B, 14B,
32B) (Yang et al., 2025b)

* Qwen2.5-Coder family (0.5B, 1.5B, 3B, 7B,
14B, 32B) (Hui et al., 2024)

* DeepSeek LLM and continual pre-trained
models (DeepSeek LLM 7B, DeepSeek Coder
7B v1.5, DeepSeekMath 7B) (Bi et al., 2024)

* Qwen3 family (0.6B, 1.7B, 4B, 8B, 14B, 32B)
(Yang et al., 2025a)

* DeepSeek-R1 distilled models (Llama 8B,
Qwen 14B, Qwen 32B) (Guo et al., 2025)

All LLMs used are instruction-tuned models.
Qwen2.5-Coder is a continual pre-trained model
family on a coding corpus starting from Qwen?2.5.
Although Qwen?2.5 has a 72B version, it is not avail-
able for Qwen2.5-Coder, so we omitted Qwen2.5
72B from this experiment. DeepSeek Coder v1.5 is
a continual pre-trained model on a coding corpus
to DeepSeek LLM, and DeepSeekMath is further
continual pre-trained by adding mathematics text
from DeepSeek Coder v1.5. Note that the continual
pre-training was performed on the respective base
models before instruction tuning, so the models
experimented on here do not have a direct parent-
child relationship. For the DeepSeek-R1 family,
we limited our experiments to the distilled mod-
els due to the computation time constraint. The
base model of DeepSeek-R1 Llama 8B is Llama-
3.1 8B. The base models of DeepSeek-R1 Qwen
14B and 32B are Qwen2.5 14B and 32B, respec-
tively. Contexts were constructed in a conversation
format according to the provided chat templates.
When using thinking models, experiments were
conducted in both thinking and non thinking modes.
Although DeepSeek-R1 is only trained in the think-
ing mode, we conducted a pseudo non-thinking
mode experiment with a custom chat template imi-
tating from the one used on Qwen3 and placing a
closing </think> token immediately after the open-
ing <think> token in the prompt. Other detailed
experimental settings are described in Appendix A.

5 Results and Discussion

5.1 Factors Affecting the Consistency Score

Figure 2 shows the heatmaps of the plots of the
instance-level 2-class normalized probabilities p$
for the prior and posterior cases, as defined in Equa-
tion 2, where each point represents a single instance
and its probability before (x-axis) and after (y-axis)
the added context. We show the original plots
in Appendix C. If consistency holds, the points
align along the y = x line. Models with peaks in
the bottom-right or top-left of the heatmap, like
Qwen?2.5 32B, signify a tendency for choosing the
exact opposite option after a dialogue transition,
even if they held a strong conviction for a specific
option in the intermediate state. Table 1 shows
quantitative evaluation results based on our mea-
surements. Indeed, for models where the visualized
plots showed a clear difference, such as Qwen 2.5
Coder vs. Qwen 2.5, or the Coder and Math mod-
els vs. DeepSeek LLM, the plots are concentrated
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Figure 2: Heatmaps of instance-level 2-class normalized probability plots. Each block shows three different-sized
models from the same model family, except for the bottom-left block, which presents the heatmaps for DeepSeek
LLM 7B and its successor models. The horizontal axis indicates the normalized prior probability for the first non-

rejected option, pgf“’r

, and the vertical axis indicates the normalized posterior probability, pe
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Equation 2. If consistency holds, the heatmap values concentrate along the y = z line. Neither the Llama 3.1 family
nor the Qwen2.5 family exhibits clear improvement with scaling. The Qwen2.5-Coder family shows increased
entropy and a stronger convergence toward the y = x line compared with the corresponding Qwen2.5 models.
DeepSeek Coder and DeepSeekMath demonstrate more consistent behavior than the base DeepSeek LLM model.
Qwen3 models display distinct behaviors depending on whether the thinking mode is enabled or disabled, while
DeepSeek R1 models show more moderate differences. For the original plots, see Figures 3 and 4.

on the y=x line, confirming that the quantitatively
evaluated consistency score reflects the intended
concept. Among the models tested, the best con-
sistency score (leftmost in the table) was achieved
by Qwen2.5-Coder 14B in the 2-class setting, and
Qwen3-32B (thinking) in the 3-class setting.

5.1.1 Effect of Model Scaling on
General-domain Models

As seen in general-domain models like Llama3.1
and Qwen2.5, model size scaling alone does not
naturally improve the belief consistency score.
Larger models of these families have lower entropy,
indicating a stronger tendency for bias among
choices. The heatmaps also confirm that larger
models have less distribution near the center.

5.1.2 Effect of Training on Math and Coding
Text

As shown in the results of Qwen vs. Qwen-Coder
and the DeepSeek LLM vs its successor models
in Figures 2 and Table 1, continual pre-training on
mathematics and coding corpora strengthens the
consistency, indicating that training on the corpora
requiring the logical reasoning ability contributes
to improving the consistency score. Interestingly,
pre-training on such corpora also increases entropy,
making the models less biased. For example, peaks
in the upper left and lower right corners shown in
the heatmap for Qwen2.5, which represent the most
inconsistent instances where the models completely
switch their choices after the rejections, clearly
disappear and shift to the y=x line in the one for
Qwen2.5-Coder, specifically moving to the cen-



Consistency s Entropy [bit] Verbal Error
. posterior
Model Think 2classes 3 classes Pinvalid Prior  Posterior Prior Posterior
Llama 3.1 8B 0.9188 0.9048 2.50% 0.6323 0.6180 1.29% 1.87%
Llama 3.1 70B 0.8984 0.8833 2.82% 0.6868 0.6651 1.50% 0.70%
Llama 3.1 405B 0.8531 0.8531 0.00% 0.4065 0.4699 0.61% 0.42%
Qwen2.5 0.5B 0.7758 0.6684 14.11% 0.3741 0.6151 98.36% 29.31%
Qwen2.5 1.5B 0.9335 0.7636 27.37% 0.6052 0.6591 9.64% 0.89%
Qwen2.5 3B 0.7867 0.6882 12.64% 0.4649 0.2850 2.06% 1.56%
Qwen2.5 7B 0.8457 0.8382 1.43% 0.3754 0.3497 0.13% 0.42%
Qwen2.5 14B 0.7593 0.7590 0.04% 0.2693 0.1724 1.71% 1.74%
Qwen2.5 32B 0.7106 0.7106 0.00% 0.3508 0.1769 0.01% 0.09%
Qwen2.5-Coder 0.5B 0.9516 0.7505 6.59% 0.7992 0.7397  96.04% 56.01%
Qwen2.5-Coder 1.5B 0.9607 0.7571 27.86% 0.8075 0.7796  34.46% 5.81%
Qwen2.5-Coder 3B 0.9308 0.8057 18.61% 0.8414 0.7399 9.75% 3.55%
Qwen2.5-Coder 7B 0.9740 0.9023 12.97% 0.7685 0.7924 2.27% 2.33%
Qwen2.5-Coder 14B 0.9856 0.9071 13.02% 0.8271 0.8280 22.95% 6.54%
Qwen2.5-Coder 32B 0.9745 0.9051 12.05% 0.8467 0.8272 0.52% 0.23%
DeepSeek LLM 7B 0.9248 0.7806 19.15% 0.5525 0.4902 52.17% 14.82%
DeepSeek Coder 7B 0.9427 0.8763 9.62% 0.7432 0.7874  77.55% 22.45%
DeepSeekMath 7B 0.9693 0.8357 17.59% 0.7718 0.8159 13.13% 22.75%
Qwen3 0.6B v 0.8571 0.7634 3.37% 0.5736 0.2907 27.36% 86.19%
Qwen3 1.7B Ve 0.8533 0.8067 5.71% 0.5897 0.5583 7.07% 26.81%
Qwen3 4B Ve 0.9057 0.9021 0.73% 0.5857 0.5856 2.40% 1.77%
Qwen3 8B v 0.9135 0.9098 0.75% 0.4771 0.6034 2.04% 0.47%
Qwen3 14B v 0.9256 0.9243 0.26% 0.5689 0.7135 0.78% 0.37%
Qwen3 32B v 0.9659 0.9545 2.23% 0.8180 0.8473 2.85% 1.72%
Qwen3 0.6B 0.8829 0.6925 11.60% 0.4493 0.3734 6.98% 75.52%
Qwen3 1.7B 0.7944 0.7467 6.77% 0.0370 0.0525 0.33% 0.08 %
Qwen3 4B 0.6993 0.6398 10.67% 0.2110 0.2290 1.14% 0.84%
Qwen3 8B 0.8290 0.7667 10.69% 0.2415 0.3994 1.08% 0.47%
Qwen3 14B 0.8313 0.8232 1.65% 0.4281 0.4302 0.01% 0.45%
Qwen3 32B 0.9127 0.9014 2.20% 0.7177 0.6265 33.06% 1.59%
DeepSeek R1 Llama 8B v 0.9354 0.8068 17.00% 0.7495 0.7626  54.46% 22.27%
DeepSeek R1 Qwen 14B v 0.9443 0.9023 7.56% 0.7704 0.7900 33.14% 8.26%
DeepSeek R1 Qwen 32B Ve 0.9665 0.9288 6.69% 0.8332 0.8495 13.52% 8.57%
DeepSeek R1 Llama 8B 0.9403 0.7619 22.05% 0.7254 0.7146  66.79% 19.66%
DeepSeek R1 Qwen 14B 0.9569 0.7962 24.81% 0.7210 0.7345 18.34% 6.88%
DeepSeek R1 Qwen 32B 0.9574 0.8654 16.00% 0.7795 0.8096 33.42% 4.66%

Table 1: Main results. All models are instruction-tuned. The best scores are highlighted in bold. “Consistency”
represents the proposed consistency score. The “2 classes” and ““3 classes” variants indicate whether the posterior
probabilities are normalized only over the two valid options or over all three options, respectively. The column

«_posteriors,,
invalid

reports the probability that the rejected option is still chosen in the posterior scenario. “Entropy’

s

shows the average entropy of the normalized two-class probabilities for each scenario. “Verbal Error” denotes the

probability that the model’s response cannot be parsed.

ter region. These consistent trends confirm that
math/coding training improves belief consistency
while leading to less biased selections. Further-
more, scaling does not harm the consistency score
in the Qwen2.5-Coder family, but instead leads
to slight improvements. A possible reason for
this result is the nature of mathematics and cod-
ing texts which involve many swappable blocks,
thereby increasing the entropy, whereas in general
text, changing the sentence order often leads to
significant subsequent contextual changes. At the
same time, LLMs still need to consistently man-
age how appropriate the appeared symbols are to
reuse them at the later context appropriately, which
should have a huge contribution for the consistency.

5.2 Effect of Thinking Mode

For Qwen3, enabling the thinking mode substan-
tially improves the consistency score in all but the
0.6B variant. Even though the prior and posterior
do not share any reasoning tokens, the thinking
mode makes the final conclusions more consistent.
In contrast, for the DeepSeek R1 family, enabling
or disabling the thinking mode produces only minor
differences in the 2-class consistency score. Since
the R1 models are not trained without the thinking
mode, a direct comparison is inappropriate.

5.2.1 Logical and Verbalization Error Rates

We also report the verbalization error rates as well
as the invalid probabilities in the posterior sce-



nario p&‘fiﬁgor, which is the probabilities that the

rejected option is chosen in the posterior scenario,
in Table 1. For general-domain models such as
Llama 3.1 and Qwen2.5, both verbalization er-
rors and invalid probabilities decrease as model
size increases. Since such explicit logical consis-
tency should correlate with the abilities evaluated
by typical benchmark tasks with correct answers,
these results align with the general trend that scal-
ing improves performance reported in the previous
works (Grattafiori et al., 2024; Yang et al., 2025b).
Interestingly, however, training on coding or math-
ematics tasks tends to worsen both the verbaliza-
tion errors and invalid probabilities, even for larger
models. Notably, while the original Qwen2.5 32B
model produced almost no logical reasoning errors
(4.44e-08%), Qwen2.5-Coder 32B generated more
than 10% logical reasoning errors. The cause of
this degradation is unclear, but given that Qwen2.5-
Coder models of size 7B and larger converge to
nearly the same invalid probability, it suggests that
a non-negligible amount of inconsistent data may
be included in the training corpus for this model
family. One likely source is incomplete code snip-
pets. Code fragments containing unimplemented
blocks or typos may often occur in this domain.
See Appendix E for additional error analysis.

5.3 Problem Design

In our experiments, we treated higher entropy as
preferable. This is because the model is completely
free to choose any of the presented options under
our prompt design, and the models we used were
not trained to exhibit particular preferences. On the
other hand, for models that have learned specific
preferences, having certain tendencies should be ap-
propriate, and the correct setting should be chosen
depending on the intended application. Likewise,
our treatment of consistency assumes that LLMs
behave as naive models whose preference states
transition in a logically coherent manner and our
consistency score is defined based on this assump-
tion. However, whether such logical transitions
should occur can vary across model types. For
example, we can consider the case applying the
reinforcement-learning that a model is trained to
select the option to which it previously assigned the
highest probability, rather than updating its prefer-
ences through logical inference. Thus, what consti-
tutes an appropriate level of consistency or entropy
ultimately depends on the target application and
the behavioral assumptions that it requires.

As suggested by the fact that the Qwen3 family
exhibits variations in consistency scores depending
on whether thinking mode is enabled, our evalua-
tion method is inevitably influenced by the choice
of prompts. In our experiments, we also tested
different prompt templates for the rejection in the
posterior scenario to demonstrate the prompt bias.
Details are provided in Appendix C.1.3.

Designing contexts in which logical reasoning
occurs must be done with care to avoid unintended
state transition. When a reasoning process causes
complex shifts in the original preference distribu-
tion, several issues arise: whether the model’s pre-
transition preferences are appropriate for perform-
ing the intended reasoning, what the post-transition
probabilities should ideally look like, and whether
the “reasoning” observed is in fact newly generated
or merely a retrospective explanation of a conclu-
sion already determined. These factors can intro-
duce errors and biases that are qualitatively differ-
ent from the logical transition we aim to evaluate.
The context used in our experiments rejects only
a single option and should not affect the relative
preference between the remaining two options. Al-
though this setup is simple, it avoids side effects
on the valid two-choice comparison and allows a
clear and well-defined computation of the expected
post-transition probability distribution. In contrast,
actual CoT or thinking tokens often involve tokens
that trigger complex transitions.

6 Conclusion

We proposed belief consistency and an evaluation
method for assessing the consistency of LLM be-
liefs across context extension. Experimental results
showed that belief consistency is not naturally ac-
quired through scaling, but that training on coding
and math tasks is effective. We addressed the con-
sistency in LLLM tendencies that does not appear
in the previous context; consistency with content
that does appear explicitly is outside our scope. We
believe that consistency breakdowns in such cases
are a different type of problem, more related to
instruction-following failures or insufficient LLM
training. In fact, in coding models, the consistency
score improved while logical errors increased. Fur-
thermore, in the evaluation of calibration against
closed-set prediction probability ratios, we found
that training on coding and mathematics corpora
does not apply to that type of consistency.



Limitations

We only evaluated up to one logical inference step.
It is unknown if consistency is maintained in multi-
step scenarios. For models with many failures, a
large number of repeated samplings was required
to obtain a stable score. To standardize the exper-
imental settings for all models, we measured the
choice ratio by performing 5000 samplings per con-
text for non reasoning models. In our experimental
setup, 10 contexts are generated per entity triple,
resulting in a need for 50k generative samplings per
entity triple. Although the context length is short,
this is extremely costly. This is why we could not
experiment on closed-weight models. To reduce
computational load, we also attempted to calculate
probabilities via search instead of sampling, but we
left this strategy because it required an outrageous
amount of memory, especially for tracking rarely
chosen options.

We employed string matching for verbalization
because of the manual analysis of generated re-
sponses, however, a higher-quality verbalization
would likely yield a more accurate result.
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A Detailed Experimental Settings

We limit the maximum sequence length of the gen-
erated sequence and terminate the generation when
the length of the generated sequence exceeds it
even if an end-of-sequence token has not appeared.

Although some models used in the experiment
were not trained on prompts including system
prompts, making their use non-recommended, we
set the prompt roles with the same configuration
for all models this time. When in the thinking
mode of a reasoning model, the thinking process
is used only for measuring the selection tendency
of each context; it is not included in the dialogue
leading up to that point. Therefore, the thinking
process conducted in the prior is not reflected in
the posterior measurement. In this study, we also
experimented with DeepSeek R1 models. The orig-
inal R1 family does not have a non-thinking mode
and was not trained for it. However, referencing
Qwen3, we prepared a chat template that simulates
a no-thinking mode by placing a </think> tag im-
mediately after the <think> tag and conducted the
experiment.

The number of samples per context was 50 in
thinking mode and 5000 otherwise. Cases where
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neither of the two appropriate options in the poste-
rior context was sampled even once (either during
the prior or posterior measurement) were excluded
from the evaluation, as Equation 2 could not be
calculated. The maximum number of generated
tokens for each sampling was 3000 for reasoning
models and 100 for other models. If this limit was
exceeded without an end-of-sequence token appear-
ing, generation was terminated. During sampling,
we used unmodified logits set to temperature 1, and
no penalties such as length penalty were applied.
To evaluate the influence of prompt bias in the
dialogue patterns, we tested two types: a dialogue
path that presents one option and denies it (User:
“is it A?” -> Assistant: “No.”), and a dialogue path
that presents two options and confirms them (User:
“Is it either A or B?” -> Assistant: “Yes.”). To miti-
gate the effect of position bias, we treated the three
variations for the pattern rejecting one option and
all six permutation patterns for fixing two options
as separate instances. Therefore, for one set of
three entities, we conducted the set number of sam-
pling iterations separately for one prior context and
nine posterior contexts, totaling 10 contexts.
Wikipedia section titles were used as entity can-
didates for the options. We sorted the collected
Wikipedia section titles based on likelihood calcu-
lated by Llama 3.1 8B, adopted the top 1000 as
plausible entities, and a randomly selected set of 3
entities from this pool constituted one context C.
To evaluate entity bias, we also conducted experi-
ments using a setting where three entity sets were
chosen from the 1000 items ranked 10,001st to
11,000th. Due to experimental time constraints, ex-
periments with the latter entity candidates were not
conducted on the reasoning models. We extracted
500 ordered combinations of 3 entities from each
entity candidate set for the experiment. These 500
sets were identical across all model experiments.
The selected entity was determined by string
matching. Specifically, the generated response was
converted to lowercase, and a match was performed
based on whether the lowercased entity appeared in
the response. If the entity was not found in the gen-
erated response, or if multiple entities matched, it
was treated as a discrimination failure. For parsing
decisions in thinking mode, string matching was
performed on the text appearing after the </think>
tag. Generation cases where the </think> tag did
not appear were counted as verbal errors.
We used the January 2025 dump of Wikipedia
to extract entity candidates. We used the Python
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package vLLM' (v0.7.3) together with PyTorch®
(v2.5.1+cul24) and Transformers3 (v4.51.3) for
our experiments.

B Consideration of Other Evaluation
Metrics

In addition to the proposed formulation of the con-
sistency score, we also evaluated alternative scor-
ing schemes using mean squared error (MSE) and
mean absolute error (MAE) in place of the JS diver-
gence. The results are summarized in Table 2. As
shown in the table, all scoring methods exhibit simi-
lar overall trends. Since the JS divergence provides
a more natural interpretation in terms of probabil-
ity distributions, we employ it as the final scoring
method in our study.

We also conducted an evaluation targeting sce-

narios where the selected option changes determin-
istically. Table 3 shows the average value of the
risk of selection switching, defined as follows:
1. We define a score, Switch, which evaluates the
risk of a hard switch in choices between the prior
and posterior contexts when sampling only once
per instance.

Switch :=

Einstance {pgrior gosterior + pgrior pgosteriorJ ) (5)
2. Models with high entropy often switch even in
the ideal situation where the posterior and prior
distributions are identical. Therefore, a simple
Switch risk evaluation can be overly punitive. We
also implemented HSwitch, which discounts the
selection switches that occur even in the ideal case.

HSwitch :=
Einstance [pgrior . max (pgosterior - grior, 0>
+ pgrior . max (pgosterior _ grior’ 0)} . (6)

When comparing HSwitch, the risk of switching
is lower in free-form generation than in the closed
set in most cases. On the other hand, when com-
paring Switch, the closed set often has a lower risk,
but this is not a strong trend.

C Detailed Analysis

Figures 3 and 4 show the plots of the normalized
probability comparison between the prior and the
Thttps://github.com/vllm-project/vlim

*https://pytorch.org/
3hitps://github.com/huggingface/transformers
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posterior scenario for each instance. The heatmaps
are the same as shown in Figure 2.

C.1 Evaluation of Bias

C.1.1 Likelihood Bias

To examine the impact of candidate entity likeli-
hood on consistency, we evaluated the consistency
scores when sampling entity sets with different like-
lihood levels. The results are shown in Table 4. We
find that when the provided options have similar
likelihoods, the absolute likelihood level itself has
little effect on the consistency score.

C.1.2 Position Bias

Regardless of the presence of continual pre-training
on coding and mathematics texts, we frequently
observed peaks concentrating in the upper-right
area of the heatmaps in Figure 2. The probability
plotted in these figures is always the normalized
selection rate for the first-appearing valid option.
The prevalence of high values indicates that all
models tend to select the entity that appears first,
reflecting the influence of position bias confirmed
in prior research. Position bias appears stronger
than entity type bias.

In some models, the plot is skewed to the
upper-left of the y=x line. Unlike the quantita-
tive evaluation, this figure plots only the probabil-
ity for the option that appeared first in the system
prompt, among the two appropriate posterior op-
tions. Therefore, models with this tendency select
the first-appearing entity more often in the posterior
than in the prior, suggesting that position bias may
strengthen when the number of options is reduced.

C.1.3 Prompt Bias

Tables 5 and 6 show the consistency scores for each
rejection template. Overall, rejection using the “Is
it X?” template yields higher consistency than the
“Is it either X or Y?” template. This result sug-
gests that simpler prompts tend to better preserve
consistency.

D Calibration

We examine the consistency between the normal-
ized probabilities obtained from free-form sampled
generations and the log-probabilities of the closed-
set answers. We calculated normalized probabili-
ties for the closed-set answers from the correspond-
ing log-probabilities of the option tokens. The re-
sults are shown in the Table 7. As the table shows,
the effects of continual pre-training on coding and



Model Think 1 — JS_Divergence MSE MAE
Llama 3.1 8B 0.9188 0.0868 0.2183
Llama 3.1 70B 0.8984 0.1097 0.2551
Llama 3.1 405B 0.8531 0.1487 0.2674
Qwen2.5 0.5B 0.7758 0.2212  0.3682
Qwen2.5 1.5B 0.9335 0.0715 0.1973
Qwen2.5 3B 0.7867 0.2122  0.3300
Qwen2.5 7B 0.8457 0.1530 0.2594
Qwen2.5 14B 0.7593 0.2384 0.3163
Qwen2.5 32B 0.7106 0.2874 0.3789
Qwen2.5-Coder 0.5B 0.9516 0.0528 0.1814
Qwen2.5-Coder 1.5B 0.9607 0.0452 0.1646
Qwen2.5-Coder 3B 0.9308 0.0806 0.2192
Qwen2.5-Coder 7B 0.9740 0.0300 0.1317
Qwen2.5-Coder 14B 0.9856 0.0167 0.1003
Qwen2.5-Coder 32B 0.9745 0.0299 0.1356
DeepSeek LLM 7B 0.9248 0.0748 0.1915
DeepSeek Coder 7B 0.9427 0.0640 0.1969
DeepSeekMath 7B 0.9693 0.0353 0.1457
Qwen3 0.6B v 0.8571 0.1229  0.2521
Qwen3 1.7B v 0.8533 0.1498  0.3005
Qwen3 4B v 0.9057 0.0938 0.2269
Qwen3 8B v 0.9135 0.0820 0.2085
Qwen3 14B v 0.9256 0.0727 0.2074
Qwen3 32B v 0.9659 0.0391 0.1575
Qwen3 0.6B 0.8829 0.1162 0.2244
Qwen3 1.7B 0.7944 0.2045 0.2226
Qwen3 4B 0.6993 0.3002 0.3786
Qwen3 8B 0.8290 0.1686 0.2703
Qwen3 14B 0.8313 0.1710 0.2935
Qwen3 32B 0.9127 0.0946 0.2348
DeepSeek R1 Llama 8B v 0.9354 0.0688 0.2049
DeepSeek R1 Qwen 14B v 0.9443 0.0617 0.1991
DeepSeek R1 Qwen 32B v 0.9665 0.0388 0.1563
DeepSeek R1 Llama 8B 0.9403 0.0665 0.1970
DeepSeek R1 Qwen 14B 0.9569 0.0479 0.1648
DeepSeek R1 Qwen 32B 0.9574 0.0491 0.1753

Table 2: Comparison with other candidate consistency score evaluation functions
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Free-form Closed

Model Think . . ) )

Switch HSwitch Entropy Switch HSwitch Entropy
Llama 3.1 8B 36.8% 15.1% 0.6323  29.6% 17.2%  0.4049
Llama 3.1 70B 41.9% 18.0% 0.6868 40.2% 20.1% 0.6081
Llama 3.1 405B 34.0% 21.6% 0.4065 32.1% 21.2% 0.3684
Qwen2.5 0.5B 44.6% 321% 03741 44.0% 29.8%  0.4550
Qwen2.5 1.5B 35.7% 142% 0.6052 37.2% 16.9% 0.5999
Qwen2.5 3B 37.6% 25.1% 0.4649 34.4% 28.6%  0.2250
Qwen2.5 7B 31.1% 204% 03754  32.77% 27.0% 0.2229
Qwen2.5 14B 33.3% 26.7% 0.2693  36.2% 31.5% 0.2070
Qwen2.5 32B 40.1% 314% 03508 38.6% 322% 0.2625
Qwen2.5-Coder 0.5B 41.2% 109% 0.7992  37.7% 19.2% 0.5353
Qwen2.5-Coder 1.5B 41.8% 10.1% 0.8075  38.9% 10.4%  0.7347
Qwen2.5-Coder 3B 45.1% 13.5% 0.8414 42.5% 15.7%  0.7453
Qwen2.5-Coder 7B 39.4% 8.4% 0.7685  36.5% 11.4% 0.6496
Qwen2.5-Coder 14B 40.8% 59% 0.8271 37.0% 7.8% 0.7404
Qwen2.5-Coder 32B 42.8% 8.0% 0.8467 30.1% 17.5% 0.4061
DeepSeek LLM 7B 30.5% 12.6% 0.5525 35.7% 29.7%  0.2174
DeepSeek Coder 7B 42.1% 13.6% 0.7432  30.3% 18.4% 0.3919
DeepSeekMath 7B 40.7% 97% 0.7718  33.1% 129%  0.5523
Qwen3 0.6B v 32.2% 15.6% 0.5736  29.9% 19.2%  0.3705
Qwen3 1.7B v 41.1% 22.1% 05897 26.5% 24.3%  0.0926
Qwen3 4B v 35.9% 16.0% 0.5857 31.6% 27.6% 0.1614
Qwen3 8B v 32.6% 16.0% 04771 30.0% 242% 02127
Qwen3 14B v 36.6% 15.8% 0.5689  39.4% 30.8% 0.3091
Qwen3 32B v 43.4% 102% 0.8180 36.0% 19.3% 0.5298
Qwen3 0.6B 29.6% 16.2% 0.4493  29.9% 19.2%  0.3735
Qwen3 1.7B 22.3% 21.5% 0.0370 23.1% 22.3%  0.0345
Qwen3 4B 39.4% 341% 02110 31.4% 27.5% 0.1599
Qwen3 8B 30.7% 23.7% 0.2415 29.9% 24.3% 0.2076
Qwen3 14B 35.9% 232% 0.4281 39.3% 30.7%  0.3092
Qwen3 32B 40.1% 153% 0.7177  36.0% 19.4% 0.5278
DeepSeek R1 Llama 8B v 42.3% 13.8% 0.7495  29.2% 18.0% 0.3933
DeepSeek R1 Qwen 14B v 42.8% 133% 0.7704  32.1% 149% 0.5188
DeepSeek R1 Qwen 32B v 43.9% 10.0% 0.8332  39.8% 15.5%  0.6595
DeepSeek R1 Llama 8B 39.8% 13.0% 0.7254  29.2% 18.0% 0.3933
DeepSeek R1 Qwen 14B 38.4% 10.8% 0.7210  32.1% 149% 0.5188
DeepSeek R1 Qwen 32B 42.2% 11.6% 0.7795  39.8% 15.5% 0.6595

Table 3: Average probability of the selection switching from prior to posterior. (hinge) uses a hinge-type score that
tolerates selection switches that can occur even when the prior and posterior probabilities are identical.
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Figure 3: Instance-level 2-class normalized probability plots and heatmaps for non-reasoning models. The horizontal

axis represents the normalized probability in the prior scenario for the first not rejected option, pg

vertical axis represents the normalized probability in the posterior scenario, pq

prior

, and the
, as defined in Equation 2. If

posterior

consistency holds, the points align along the y = x line. Neither the Llama 3.1 family nor the Qwen2.5 family
shows clear improvement with scaling. The Qwen2.5-Coder family exhibits increased entropy and convergence
toward the y = x line compared to the corresponding Qwen2.5 models. DeepSeek Coder and DeepSeekMath
demonstrate more consistent behavior than the base DeepSeek LLM model.

mathematics corpora and model size scaling on
calibration are inconsistent. While the calibration
score improves with scaling in Llama models, in
the Qwen2.5 family, the calibration score is gener-
ally better for smaller models. For coding training,
Qwen2.5 shows improvement in all models except
the 32B model, which worsened, while DeepSeek
models show no clear trend. As mentioned in the
previous section, continual pre-training on coding
and mathematics corpora tends to strongly affect
the entropy regularization of the free-form gener-
ation, but in some cases, it has little effect on the
closed-set side, which is thought to lead to this lack
of consistency in the results.

The calibration plots are shown in Figures 5 and
6. As a note, no rejection-pattern—specific plot is
shown for the calibration at the prior context, as
no entity rejection occurs at this stage. In cali-

14

bration, the influence of prompt differences at the
posterior context was not strongly observed; mod-
els with good calibration are well-calibrated with
either prompt, and bad models are bad with either
prompt. The calibration scores from continual pre-
training on coding and mathematics corpora show
no consistent variation, but they tend to have a
stronger influence on the entropy regularization of
the open-set output, while in contrast, the closed-
set side is often unaffected. Scaling has a positive
effect in Llama 3.1, but no consistent effect can be
seen in Qwen?2.5.

E Error Analysis

The Qwen2.5 and Qwen2.5-Coder 0.5B models
generate a large number of verbalization errors at
the prior context. As seen in the actual generation
examples, this is largely due to errors where the
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Figure 4: Instance-level 2-class normalized probability plots and heatmaps for reasoning models. Each figure is
presented in the same manner as in Fig. 3. Qwen3 models exhibit distinct behaviors depending on whether the
thinking mode is enabled or disabled. In contrast, DeepSeek R1 models show more moderate differences.

Consistency (2-class)

Model Entity Likelihood Top-N
1-1000 10001-11000
Llama 3.1 8B 0.9188 0.9199
Llama 3.1 70B 0.8984 0.9068
Llama 3.1 405B 0.8531 0.8724
Qwen2.5 0.5B 0.7758 0.7736
Qwen2.5 1.5B 0.9335 0.9288
Qwen2.5 3B 0.7867 0.7824
Qwen2.5 7B 0.8457 0.8568
Qwen2.5 14B 0.7593 0.7412
Qwen2.5 32B 0.7106 0.7351
Qwen2.5-Coder 0.5B  0.9516 0.9498
Qwen2.5-Coder 1.5B  0.9607 0.9593
Qwen2.5-Coder 3B 0.9308 0.9333
Qwen2.5-Coder 7B 0.9740 0.9737
Qwen2.5-Coder 14B  0.9856 0.9875
Qwen2.5-Coder 32B  0.9745 0.9742
DeepSeek LLM 7B 0.9248 0.9287
DeepSeek Coder 7B 0.9427 0.9468
DeepSeekMath 7B 0.9693 0.9696

Table 4: Consistency scores for entity candidates with
different likelihoods.

model fails as a LLM by not understanding the
prompt. DeepSeek Coder 7B also has many verbal-
ization errors at the prior context, but these errors
are thought to be strongly rooted in instruction
tuning preferences rather than LLM errors, with
refusals like ‘as I am Al assistant’. As a general
trend, verbalization error is lower at the posterior
than at the prior, with significant improvement even
in models that had high errors at the prior. This is
likely because the context of one turn of conversa-
tion establishes a flow of following instructions. In
Qwen2.5 0.5B, a peak concentrating at a specific
probability occurs at the prior context. This is be-
cause a large Verbalization Error occurred at the
prior context, and the low entropy unfortunately
resulted in cases where some options were almost
never counted even with 5000 samples, leading to
many instances having the same selection ratio.
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Consistency o Entropy [bit] Verbal Error
3 posterior
Model Think 2 classes 3 classes invalid Prior  Posterior Prior Posterior
Llama 3.1 8B 0.9467 0.9145 591% 0.6323 0.6062 1.29% 2.41%
Llama 3.1 70B 0.9561 09114 8.28% 0.6868 0.7839 1.50% 0.99%
Llama 3.1 405B 0.9211 0.9211 0.00 % 0.4065 0.5092 0.61% 0.41%
Qwen2.5 0.5B 0.7912 0.6677 10.91% 0.3741 0.6337 98.36% 50.35%
Qwen2.5 1.5B 0.9587 0.7339 34.97% 0.6052 0.5989 9.64% 0.84%
Qwen2.5 3B 0.8282 0.1381 88.08% 0.4442 0.1474 2.34% 1.96%
Qwen2.5 7B 0.8403 0.8384 0.40% 0.3754 0.2550 0.13% 0.79%
Qwen2.5 14B 0.8127 0.8118 0.13% 0.2695 0.1960 1.65% 1.98%
Qwen2.5 32B 0.8426 0.8426 0.00% 0.3508 0.3368 0.01% 0.26%
Qwen2.5-Coder 0.5B 0.9520 0.4043 14.16% 0.7992 0.6667 96.04% 80.92%
Qwen2.5-Coder 1.5B 0.9766 0.4778 63.75% 0.8075 0.7333  34.46% 6.44%
Qwen2.5-Coder 3B 0.9815 0.6418 48.59% 0.8414 0.7751 9.75% 5.57%
Qwen2.5-Coder 7B 0.9708 0.8554 20.44% 0.7685 0.7534 2.27% 2.23%
Qwen2.5-Coder 14B 0.9844 0.9666 3.15% 0.8271 0.8545 22.95% 7.56%
Qwen2.5-Coder 32B 0.9750 0.9711 0.78% 0.8467 0.8320 0.52% 0.26%
DeepSeek LLM 7B 0.9353 0.7907 20.79% 0.5525 0.4208 52.17% 5.93%
DeepSeek Coder 7B 0.9465 0.7820 24.73% 0.7432 0.7840 77.55% 11.72%
DeepSeekMath 7B 0.9781 0.6697 39.98% 0.7718 0.7873 13.13% 17.08%
Qwen3 0.6B v 0.8531 0.5593 10.84% 0.5828 0.2844  26.69% 79.97%
Qwen3 1.7B v 0.8912 0.7709 13.66% 0.5900 0.6053 7.07% 34.32%
Qwen3 4B v 0.9007 0.9002 0.08% 0.5857 0.5646 2.40% 0.60%
Qwen3 8B v 0.9127 09116 0.15% 0.4771 0.5735 2.04% 0.55%
Qwen3 14B v 0.9233 0.9231 0.04% 0.5689 0.7159 0.78% 0.75%
Qwen3 32B v 0.9693 0.9678 0.31% 0.8180 0.8429 2.85% 1.55%
Qwen3 0.6B 0.9084 0.4509 33.66% 0.4501 0.3792 6.99% 45.16%
Qwen3 1.7B 0.8661 0.7819 11.54% 0.0379 0.0463 0.33% 0.20%
Qwen3 4B 0.6976 0.5585 24.00% 0.2110 0.2723 1.19% 0.75%
Qwen3 8B 0.8526 0.7924 10.38% 0.2413 0.4582 1.08% 0.66%
Qwen3 14B 0.8352 0.8347 0.02% 0.4281 0.4782 0.01% 1.18%
Qwen3 32B 0.9321 0.9262 1.20% 0.7177 0.6593  33.06% 1.49%
DeepSeek R1 Llama 8B v 0.9511 0.6825 32.72% 0.7495 0.7605 54.46% 26.22%
DeepSeek R1 Qwen 14B v 0.9461 0.9104 6.41% 0.7704 0.7976  33.14% 8.15%
DeepSeek R1 Qwen 32B v 0.9634 0.9373 4.67% 0.8332 0.8341 13.52% 8.41%
DeepSeek R1 Llama 8B 0.9737 0.5730 45.46% 0.7254 0.6621  66.79% 21.89%
DeepSeek R1 Qwen 14B 0.9651 0.7324 34.37% 0.7210 0.7249 18.34% 6.22%
DeepSeek R1 Qwen 32B 0.9512 0.8700 13.97% 0.7795 0.8080 33.42% 6.53%

Table 5: Evaluation of prompt bias. Posterior context is “Is it X?”” -> “No.” only.
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Consistency o Entropy [bit] Verbal Error
3 posterior
Model Think 2 classes 3 classes invalid Prior  Posterior Prior Posterior
Llama 3.1 8B 0.9048 0.8999 0.80% 0.6323 0.6239 1.29% 1.60%
Llama 3.1 70B 0.8696 0.8692 0.08% 0.6868 0.6056 1.50% 0.55%
Llama 3.1 405B 0.8191 0.8191 0.00 % 0.4065 0.4502 0.61% 0.43%
Qwen2.5 0.5B 0.7681 0.6688 15.70% 0.3741 0.6058 98.36% 18.80%
Qwen2.5 1.5B 0.9209 0.7785 23.57% 0.6052 0.6892 9.64% 0.92%
Qwen2.5 3B 0.7800 0.7770 0.45% 0.4682 0.3072 2.02% 1.50%
Qwen2.5 7B 0.8484 0.8381 1.94% 0.3754 0.3970 0.13% 0.24%
Qwen2.5 14B 0.7327 0.7327 0.00% 0.2692 0.1606 1.74% 1.62%
Qwen2.5 32B 0.6447 0.6447 0.00% 0.3508 0.0970 0.01% 0.00%
Qwen2.5-Coder 0.5B 0.9514 0.9235 2.81% 0.7992 0.7762  96.04% 43.56%
Qwen2.5-Coder 1.5B 0.9527 0.8968 9.91% 0.8075 0.8028 34.46% 5.50%
Qwen2.5-Coder 3B 0.9055 0.8877 3.61% 0.8414 0.7224 9.75% 2.55%
Qwen2.5-Coder 7B 0.9756 0.9258 9.24% 0.7685 0.8119 2.27% 2.37%
Qwen2.5-Coder 14B 0.9862 0.8773 17.96% 0.8271 0.8147 22.95% 6.03%
Qwen2.5-Coder 32B 0.9742 0.8721 17.69% 0.8467 0.8249 0.52% 0.21%
DeepSeek LLM 7B 0.9195 0.7756 18.33% 0.5525 0.5250 52.17% 19.26%
DeepSeek Coder 7B 0.9408 0.9235 2.07% 0.7432 0.7890 77.55% 27.81%
DeepSeekMath 7B 0.9650 0.9187 6.40% 0.7718 0.8303 13.13% 25.58%
Qwen3 0.6B v 0.8587 0.8434 0.45% 0.5701 0.2932  27.62% 88.63%
Qwen3 1.7B v 0.8344 0.8246 1.74% 0.5895 0.5348 7.07% 23.06%
Qwen3 4B v 0.9083 0.9030 1.06% 0.5857 0.5961 2.40% 2.36%
Qwen3 8B v 0.9140 0.9089 1.05% 0.4771 0.6183 2.04% 0.43%
Qwen3 14B v 0.9268 0.9250 0.37% 0.5689 0.7123 0.78% 0.17%
Qwen3 32B v 0.9642 0.9479 3.19% 0.8180 0.8495 2.85% 1.81%
Qwen3 0.6B 0.8702 0.8119 0.69% 0.4489 0.3705 6.97% 90.52%
Qwen3 1.7B 0.7610 0.7303 4.54% 0.0365 0.0553 0.33% 0.03%
Qwen3 4B 0.7001 0.6803 4.03% 0.2110 0.2074 1.12% 0.88%
Qwen3 8B 0.8173 0.7539 10.84% 0.2416 0.3700 1.08% 0.37%
Qwen3 14B 0.8294 0.8175 2.46% 0.4281 0.4063 0.01% 0.09%
Qwen3 32B 0.9031 0.8891 2.70% 0.7177 0.6100 33.06% 1.65%
DeepSeek R1 Llama 8B v 0.9275 0.8690 9.14% 0.7495 0.7637 54.46% 20.30%
DeepSeek R1 Qwen 14B v 0.9435 0.8983 8.14% 0.7704 0.7863 33.14% 8.31%
DeepSeek R1 Qwen 32B v 0.9680 0.9246 7.69% 0.8332 0.8572 13.52% 8.65%
DeepSeek R1 Llama 8B 0.9237 0.8564 10.35% 0.7254 0.7409  66.79% 18.54%
DeepSeek R1 Qwen 14B 0.9527 0.8281 20.03% 0.7210 0.7393  18.34% 7.21%
DeepSeek R1 Qwen 32B 0.9605 0.8631 17.01% 0.7795 0.8105 33.42% 3.73%

Table 6: Evaluation of prompt bias. Posterior context is “Is it either X or Y?”” -> “Yes.” only.
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Figure 5: Calibration plots and heatmaps at the prior context.

E.1 Analysis of Cases Where an

Here, we provide a detailed analysis of cases where
an inappropriate option is chosen in the posterior.
We investigated the correlation coefficients and
weighted probabilities of choosing an inappropriate
option, based on the hypothesis that if an option
that becomes inappropriate in the posterior was
already frequently chosen in the prior, it is more
likely to be chosen as an inappropriate option in
the posterior. Table 8 shows the detailed analysis
results for cases where an inappropriate option is
chosen. Although no choice is inappropriate at the
prior stage, here we use p
to denote the selection probability in the prior for
the option that corresponds to the inappropriate
option in the posterior for that instance. In the
table, “Norm.” is the value when normalized as
a 3-class probability distribution excluding verbal
errors. “Weighted Norm.” is the value obtained
by taking a weighted average of the normalized
prior and posterior probabilities, using the normal-
ized probability of the other as the weight. It is
displayed to evaluate how much the target value

Inappropriate Option is Chosen

prior
invalid

for convenience

varies when the value used for weighting is large.
“Increase Rate” is the value after weighted normal-
ization divided by its own normalized weight. Due
to symmetry, the value is the same whether the prior
or posterior is used as the base. A value greater
than 1 indicates that in cases where an invalid op-
tion is frequently chosen in the prior/posterior, the
probability of choosing that option in the other turn
is also high. In this experiment only, we did not ex-
clude instances where no appropriate options were
sampled in the prior/posterior; we only excluded
cases where none of the three options were sam-
pled, and then measured the probabilities. There-
fore, in most instances, the normalized prior prob-
ability is 33.33Correlation coefficients were mea-
sured between the 3-class normalized values of the
prior and posterior. Since Llama 3.1 405B never
chooses an inappropriate option, some values are
omitted. Qwen2.5 32B is almost O but can choose
an inappropriate option (0.000004Excluding these,
the correlation coefficient is positive in all cases,
confirming a tendency that when an inappropriate
option is sampled in the posterior, the correspond-
ing option was also sampled at a relatively high
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Figure 6: Calibration plots and heatmaps at the posterior context.

probability in the prior, supporting the hypothesis.
However, the level varies considerably by model,
and it also differs from the trend of the increase
rate. Therefore, it cannot necessarily be said that
the posterior is strongly influenced only by the sim-
ple magnitude of the selection probability at the
prior stage. For example, in Qwen2.5-Coder 7B,
although the correlation coefficient is high, the in-
crease rate is not that large. It can be said that the
magnitude relationship is maintained, but even in
cases where many invalid options are chosen in the
posterior, the probability of choosing that option in
the prior is not outstandingly high.

F Other Statistics

Table 9 shows the number of contexts used to cal-
culate the score for each model. Smaller models
struggled to generate appropriate responses, and in
rare cases, appropriate options were never sampled
and were excluded. Even larger models sometimes
failed to produce correct responses, and in other
cases, due to low entropy, specific options were
never sampled in the prior, making evaluation im-
possible.
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Calibration

Model Think (2-class)
Prior  Posterior

Llama 3.1 8B 09310  0.9216
Llama 3.1 70B 0.9624  0.9858
Llama 3.1 405B 0.9836  0.9879
Qwen2.5 0.5B 0.8600  0.9838
Qwen2.5 1.5B 0.9214  0.9427
Qwen2.5 3B 0.7992  0.7468
Qwen2.5 7B 0.7737  0.8738
Qwen2.5 14B 0.6755  0.8743
Qwen2.5 32B 0.8521 0.9243
Qwen2.5-Coder 0.5B 0.8826  0.9699
Qwen2.5-Coder 1.5B 09764  0.9776
Qwen2.5-Coder 3B 0.9764  0.9846
Qwen2.5-Coder 7B 0.9552  0.9782
Qwen2.5-Coder 14B 0.9546  0.9613
Qwen2.5-Coder 32B 0.8292  0.8591
DeepSeek LLM 7B 0.7502  0.9749
DeepSeek Coder 7B 0.8261 0.8418
DeepSeekMath 7B 0.9130  0.9424
Qwen3 0.6B v 0.8869  0.7770
Qwen3 1.7B v 0.6973  0.7975
Qwen3 4B v 0.6945  0.7277
Qwen3 8B v 0.7906  0.7813
Qwen3 14B v 0.8198  0.8380
Qwen3 32B v 0.8845  0.8901
Qwen3 0.6B 0.9434  0.9517
Qwen3 1.7B 0.9832  0.9832
Qwen3 4B 0.8296  0.7821
Qwen3 8B 0.7708  0.8917
Qwen3 14B 0.8555  0.9445
Qwen3 32B 0.9210  0.9590
DeepSeek R1 Llama 8B v 0.8361 0.8404
DeepSeek R1 Qwen 14B v 0.8904  0.8720
DeepSeek R1 Qwen 32B v 0.9130  0.9522
DeepSeek R1 Llama 8B 0.8521 0.8735
DeepSeek R1 Qwen 14B 0.9431 0.8830
DeepSeek R1 Qwen 32B 09715  0.9882

Table 7: Calibration performance evaluated by the pro-
posed consistency score.



prior posterior prior posterior

. Pinvalid Pinvalid Pinvalid Y% Pinvalid
Model Think Increase Rate D —
Raw Norm. Weighted Norm. Raw Norm. ‘Weighted Norm. Pearson Spearman

Llama 3.1 8B 32.90% 33.33% 62.45% 2.50% 2.73% 5.11% 187.36% 0.3719 0.4899
Llama 3.1 70B 32.83% 33.33% 53.11% 2.82% 2.85% 4.53% 159.34% 0.2726 0.2649
Llama 3.1 405B 33.13% 33.33% - 0.00% 0.00% 0.00% - - -
Qwen2.5 0.5B 0.52% 33.33% 42.29% 14.55% 21.94% 27.83% 126.86% 0.2310 0.2329
Qwen2.5 1.5B 30.12% 33.33% 52.49% 27.37% 27.62% 43.49% 157.46% 0.6619 0.6887
Qwen2.5 3B 32.66% 33.33% 35.00% 32.27% 32.66% 34.29% 105.00% 0.0342 0.1641
Qwen2.5 7B 33.29% 33.33% 75.55% 1.45% 1.46% 3.32% 226.66 % 0.2289 0.4722
Qwen2.5 14B 32.69% 33.25% 74.36% 0.04% 0.07% 0.15% 223.64% 0.0287 0.0748
Qwen2.5 32B 33.33% 33.33% 24.92% 0.00% 0.00% 0.00% 74.76% -0.0033 0.0041
Qwen2.5-Coder 0.5B 1.32% 33.33% 38.85% 6.59% 28.14% 32.80% 116.56% 0.2080 0.3631
Qwen2.5-Coder 1.5B 21.85% 33.33% 39.36% 27.86% 29.71% 35.08% 118.08% 0.2841 0.3788
Qwen2.5-Coder 3B 30.08% 33.33% 37.58% 18.61% 19.62% 22.12% 112.74% 0.1741 0.2667
Qwen2.5-Coder 7B 32.58% 33.33% 48.07% 12.97% 13.31% 19.19% 14421% 0.6855 0.7232
Qwen2.5-Coder 14B 25.68% 33.33% 43.87% 13.02% 13.99% 18.41% 131.61% 0.5230 0.5012
Qwen2.5-Coder 32B 33.16% 33.33% 42.27% 12.05% 12.08% 15.32% 126.81% 0.3646 0.3625
DeepSeek LLM 7B 15.94% 33.33% 66.61% 19.15% 22.67% 45.31% 199.83% 0.7625 0.7566
DeepSeek Coder 7B 7.51% 33.33% 45.48% 9.66% 11.67% 15.93% 136.43% 0.3220 0.3846
DeepSeekMath 7B 28.96% 33.33% 43.21% 17.59% 21.88% 28.37% 129.63% 0.3975 0.4721
Qwen3 0.6B v 23.59% 32.66% 44.32% 4.73% 26.01% 35.30% 135.71% 0.2838 0.2553
Qwen3 1.7B v 30.98% 33.33% 46.17% 5.82% 9.22% 12.77% 138.52% 0.2701 0.2674
Qwen3 4B v 32.54% 33.33% 46.70% 0.76% 0.79% 1.10% 140.10% 0.1233 0.1849
Qwen3 8B v 32.66% 33.33% 49.62% 0.76% 0.77% 1.15% 148.87% 0.1068 0.1426
Qwen3 14B ' 33.07% 33.33% 59.04% 0.27% 0.27% 0.48% 177.12% 0.1456 0.2127
Qwen3 32B v 32.38% 33.33% 43.98% 2.23% 2.29% 3.02% 131.95% 0.3231 0.2968
Qwen3 0.6B 30.98% 3331% 50.30% 11.95% 27.58% 41.65% 151.01% 0.3651 0.3798
Qwen3 1.7B 33.24% 33.33% 78.04% 25.50% 25.51% 59.73% 234.12% 0.5838 0.6487
Qwen3 4B 32.95% 33.32% 49.94% 11.74% 11.88% 17.81% 149.89% 0.1733 0.2338
Qwen3 8B 32.94% 33.33% 66.26% 11.45% 11.53% 22.91% 198.77% 0.3900 0.5629
Qwen3 14B 33.33% 33.33% 67.47% 1.66% 1.69% 3.42% 202.41% 0.2077 0.3536
Qwen3 32B 22.31% 33.33% 52.22% 2.20% 2.26% 3.54% 156.67% 0.2711 0.4606
DeepSeek R1 Llama 8B v 15.18% 33.33% 39.81% 17.00% 22.57% 26.95% 119.42% 0.3226 0.3619
DeepSeek R1 Qwen 14B v 22.29% 33.33% 45.58% 7.56% 8.37% 11.45% 136.73% 0.5600 0.5526
DeepSeek R1 Qwen 32B v 28.83% 33.33% 41.61% 6.69% 7.37% 9.20% 124.83% 0.4746 0.4346
DeepSeek R1 Llama 8B 11.07% 33.33% 42.15% 22.05% 27.89% 35.26% 126.44% 0.3639 0.4338
DeepSeek R1 Qwen 14B 27.22% 33.33% 47.74% 24.81% 26.65% 38.17% 143.23% 0.6568 0.6831
DeepSeek R1 Qwen 32B 22.19% 33.33% 46.64% 16.00% 16.79% 23.49% 139.93% 0.6571 0.6723

Table 8: Weighted invalid probabilities. The weight is the invalid probabilities at the posterior context, and the value
is the corresponding option probabilities at the prior context. Note that some values are omitted for Llama 3.1 405B

. . terior . .
since its pL o> B0 is strictly 0.
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Entity Likelihood Rank-N

Model Think
1-1000 10001-11000

maximum 4500 4500
Llama 3.1 8B 4500 4500
Llama 3.1 70B 4500 4500
Llama 3.1 405B 4494 4500
Qwen2.5 0.5B 3972 4023
Qwen2.5 1.5B 4500 4500
Qwen2.5 3B 3474 3384
Qwen2.5 7B 4494 4488
Qwen2.5 14B 4392 4473
Qwen2.5 32B 4470 4488
Qwen2.5-Coder 0.5B 4500 4500
Qwen2.5-Coder 1.5B 4500 4500
Qwen2.5-Coder 3B 4500 4500
Qwen?2.5-Coder 7B 4500 4500
Qwen2.5-Coder 14B 4500 4500
Qwen2.5-Coder 32B 4500 4500
DeepSeek LLM 7B 4500 4500
DeepSeek Coder 7B 4494 4500
DeepSeekMath 7B 4500 4500
Qwen3 0.6B v 3741

Qwen3 1.7B v 4477

Qwen3 4B v 4470

Qwen3 8B v 4470

Qwen3 14B v 4485

Qwen3 32B v 4500

Qwen3 0.6B 4453

Qwen3 1.7B 3189

Qwen3 4B 4278

Qwen3 8B 4400

Qwen3 14B 4491

Qwen3 32B 4500

DeepSeek R1 Llama 8B v 4500

DeepSeek R1 Qwen 14B v 4500

DeepSeek R1 Qwen 32B v 4500

DeepSeek R1 Llama 8B 4500

DeepSeek R1 Qwen 14B 4500

DeepSeek R1 Qwen 32B 4500

Table 9: num evaluated posteriors. 500 samples for each setting, with 9 posterior variations, for a maximum of 4500.
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