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Abstract

Reasoning language models have set state-of-
the-art (SOTA) records on many challenging
benchmarks, enabled by multi-step reasoning
induced by reinforcement learning. However,
reasoning models are prone to generating confi-
dent, plausible responses that are incorrect (hal-
lucinations). Knowing when and how much to
trust these models is critical for safe deploy-
ment in real-world applications. To this end,
we explore uncertainty quantification (UQ) of
reasoning models in the form of self-verbalized
confidence in this work. We ask three funda-
mental questions: First, are reasoning mod-
els well-calibrated? Second, does deeper rea-
soning improve model calibration? Finally,
inspired by humans’ innate ability to double-
check their thought processes to verify the va-
lidity of their answers and their confidence,
we ask: can reasoning models improve their
calibration by explicitly reasoning about their
chain-of-thought traces? We introduce intro-
spective uncertainty quantification (IUQ) to ex-
plore this direction. In extensive evaluations on
SOTA reasoning models across a broad range
of benchmarks focused on knowledge-intensive
tasks, we find that reasoning models: (i) are
typically overconfident, (ii) become even more
overconfident with deeper reasoning, and (iii)
can become better calibrated through introspec-
tion (e.g., o3-Mini and DeepSeek R1) but not
uniformly (e.g., Claude 3.7 Sonnet becomes
more poorly calibrated). We conclude with im-
portant research directions to design necessary
UQ benchmarks and improve the calibration of
reasoning models.

1 Introduction

Recent breakthroughs in large language models
(LLMs) and vision-language models (VLMs) have
largely been driven by reasoning language models—
language models that are trained to perform multi-
step reasoning through reinforcement learning, e.g.,
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Claude 3.7 (Anthropic, 2024), o3-Mini (OpenAI,
2024b), Gemini 2 Flash Thinking (Team et al.,
2024), and DeepSeek R1 (Guo et al., 2025). By
breaking down complex tasks into subtasks and an-
alyzing and synthesizing responses from the result-
ing subtasks, reasoning models have achieved new
state-of-the-art (SOTA) performance on a broad
range of challenging real-world tasks, such as
programming, e.g., Codeforces (Mikhail Mirza-
yanov and Codeforces Team, 2025); math, e.g.,
AIME (Art of Problem Solving, 2025); engineer-
ing and science, e.g., GPQA (Rein et al., 2023);
and arts, e.g., MMLU (Hendrycks et al., 2020), out-
performing domain experts on many benchmarks.

Despite their remarkable capabilities, SOTA
reasoning language models often generate con-
fident but factually-incorrect responses to ques-
tions, known as hallucinations (Bai et al., 2024;
Liu et al., 2024), similar to their non-reasoning
counterparts. Consequently, the safe integration
of reasoning models into real-world tasks requires
knowing when and how much to trust these models,
i.e., uncertainty quantification (UQ) of these mod-
els. Prior work has examined UQ of non-reasoning
models, showing that non-reasoning models are
poorly calibrated in general (Xiong et al., 2023)
but can become better calibrated through chain-of-
thought prompting (Liang et al., 2024). However,
UQ of reasoning models remains an unexplored
frontier. To address this knowledge gap, we exam-
ine uncertainty quantification of reasoning models
to better evaluate their trustworthiness. Consider-
ing that SOTA reasoning models are often closed-
source, making access to their internal logits diffi-
cult if not impossible, we leverage self-verbalized
confidence as the primary method for uncertainty
quantification, following prior works (Lin et al.,
2022; Shorinwa et al., 2025).

Specifically, in this work, we ask three criti-
cal questions (illustrated in Figure 1). First, are
reasoning models well-calibrated? We evalu-
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Are reasoning models 
well-calibrated?

Can introspection lead to better 
calibration?

Does deeper reasoning 
improve model calibration?

I recalled that Jasper Johns and 
Richard Serra were early 
contemporaries in the early 
1960s. Based on biographical 
details… 1961 is most plausible, 
with an estimated 75% 
confidence.  

1961
Confidence

75%
Answer

Introspection: The model 
process appears to rely on 
inexact biographical guesses 
rather than verified facts or a 
well-known timeline… Given 
the uncertain and assumptive 
nature of the reasoning, the 
answer is highly questionable.  

Reasoning trace: I recalled that…

Conf.
Inference-time compute
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tio

n 
Er

ro
r

20%

Q: What year did Jasper Johns commission Richard Serra to make a splash piece?

A: 1969

75%

Figure 1: To examine if reasoning models know when they don’t know, we ask three fundamental questions: (i) are
reasoning models well-calibrated? (ii) does deeper reasoning improve model calibration? and (iii) can introspection
improve calibration? We find that reasoning models are typically overconfident and become more overconfident
with deeper reasoning. However, through introspection, reasoning models can provide better calibrated confidence
estimates.

ate the calibration of reasoning models across a
broad range of benchmarks to examine undercon-
fidence/overconfidence in these models across dif-
ferent problem domains. Our findings reveal that
reasoning models are typically overconfident, often
expressing confidence estimates greater than 85%
(in increments of 5%) even when they are incorrect.
Given that overconfidence is often masked by high
accuracy, we find that reasoning models are well-
calibrated in knowledge-retrieval tasks and poorly
calibrated in tasks requiring domain expertise, e.g.,
graduate-level research domains. Moreover, our
results highlight that prompt engineering is signifi-
cantly less effective with reasoning models, unlike
non-reasoning models.

Second, does deeper reasoning improve model
calibration? Prior work (OpenAI, 2024b) has
shown that reasoning models can achieve higher
accuracy through inference-time scaling of reason-
ing effort, measured by the number of available
reasoning tokens. Here, we explore the effects of
deeper reasoning on model calibration across low,
medium, and high amounts of reasoning. Our eval-
uations reveal that reasoning models become more
overconfident with deeper reasoning. Specifically
on wrongly-answered questions, reasoning mod-
els become significantly more overconfident as we
scale the reasoning effort.

Lastly, humans often double-check their
problem-solving approach to verify their answers
and estimate their confidence in the validity of the

answers (Hewitt et al., 2016). In line with this
observation, we ask the question: can reasoning
models improve their calibration by explicitly rea-
soning about their chain-of-thought traces? We
introduce introspective uncertainty quantification
to explore this question. Introspective UQ utilizes
a multi-stage reasoning paradigm to estimate the
confidence in the accuracy of a given response: a
model first reasons about a given question, and then
a second model reasons about the chain of thought
and final answer produced by the first model in
order to assess its confidence in the answer. We
find that more critical introspection improves the
calibration of reasoning models, e.g., o3-Mini and
DeepSeek R1, although the calibration of Claude
3.7 Sonnet worsens.

2 Related Work

Reasoning in LLMs. Prior work (Wei et al., 2022;
Kojima et al., 2022; Wang et al., 2022) has demon-
strated that language models can achieve signifi-
cantly higher accuracy by generating intermediate
reasoning steps, known as a chain of thought (CoT).
Chain-of-thought prompting enables remarkable
zero-shot or few-shot learning in LLMs, enabling
generalist LLMs to outperform task-specific, fine-
tuned models (Wei et al., 2022). However, the
complexity of the few-shot CoT examples signifi-
cantly influences the induced accuracy of the mod-
els (Fu et al., 2022), spurring research on prompt
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engineering for effective chain-of-thought reason-
ing (Zhang et al., 2022; Huang and Chang, 2022;
Hao et al., 2024). Subsequent work introduces
multi-path reasoning strategies to enable backtrack-
ing on incorrect reasoning paths: e.g., Tree-of-
Thought prompting (Yao et al., 2023) and Graph-
of-Thoughts prompting (Besta et al., 2024), which
construct parallel reasoning traces; least-to-most
prompting (Zhou et al., 2022), which solves a se-
ries of subproblems in sequence; and reasoning
via planning (Hao et al., 2023), which performs
Monte Carlo Tree Search on a reasoning tree to
find the optimal reasoning path. However, existing
approaches require domain expertise to construct
effective chain-of-thought prompts/examples, pos-
ing a challenge. By training language models to
reason using reinforcement learning (RL), recent
work (Jaech et al., 2024; Guo et al., 2025; An-
thropic, 2024; OpenAI, 2024b; Team et al., 2024;
Team, 2025) has shown that reasoning language
models can solve complex tasks more accurately
than non-reasoning LLMs. Through inference-time
scaling, reasoning models can be made to think
deeper to break down complex problems into mul-
tiple steps, achieving SOTA performance on many
benchmarks (Anthropic, 2024; OpenAI, 2024b;
Team et al., 2024; Guo et al., 2025). However,
the effects of reasoning on the calibration of confi-
dence estimates of these models remains unknown,
motivating uncertainty quantification.

Uncertainty Quantification of LLMs. Uncer-
tainty quantification of LLMs has gained notable
prominence given the tendency of LLMs to hallu-
cinate. In general, existing UQ methods for LLMs
eschew traditional techniques such as Bayesian net-
works (Jospin et al., 2022) due to their computa-
tional cost, given that LLMs often have billions to
trillions of parameters. UQ methods for LLMs can
be grouped into two broad classes: white-box and
black-box methods (Shorinwa et al., 2025). White-
box methods utilize the internal outputs of LLMs
(Geva et al., 2020; Azaria and Mitchell, 2023), such
as tokens for entropy/perplexity-based UQ (Man-
akul et al., 2023; Fadeeva et al., 2024; Ling et al.,
2024; Xiao and Wang, 2021; Kuhn et al., 2023) or
neural activations for mechanistic interpretability
(MI) (Belinkov, 2022; Dunefsky et al., 2024; Yun
et al., 2021; Gao et al., 2024; Tamkin et al., 2023;
Ferrando et al., 2024). While these UQ metrics
can be well calibrated for pre-trained models (Ka-
davath et al., 2022), reinforcement learning from

human feedback (RLHF) leads to poorly calibrated
token-level UQ (OpenAI, 2024a) since RL-training
objectives are not proper scoring rules (Gneiting
and Raftery, 2007). In contrast to white-box meth-
ods, black-box methods estimate uncertainty with-
out access to the model’s internal outputs which
might not be available, given the notable shift from
fully open-source language models to open-weight
or closed-source models, e.g., (Hurst et al., 2024;
Anthropic, 2024). In fact, state-of-the-art closed-
source reasoning models generally do not provide
access to the models’ logits, which is required
for token-based, semantic similarity-based, or MI-
based UQ. Consequently, self-verbalized UQ meth-
ods (Mielke et al., 2022; Smith et al., 2020; Tanneru
et al., 2024; Aichberger et al., 2024; Zhang et al.,
2024), which directly prompt an LLM for its con-
fidence in natural language, have become increas-
ingly important. In contrast to prior work which
has focused exclusively on non-reasoning models,
we assess the uncertainty of reasoning models with-
out finetuning, using self-verbalized UQ methods
given the lack of access to the internal outputs.

3 Method

As noted in the preceding discussion, widely used
state-of-the-art reasoning models do not provide
native access to the models’ logits or other internal
outputs, motivating us to leverage self-verbalized
uncertainty quantification methods as a broadly
applicable approach without relying on the inter-
nal features of the reasoning model. We seek to
maximize the practical effectiveness of our work,
given the widespread use of reasoning models,
especially black-box reasoning models like GPT,
Claude, etc. However, a naïve implementations
of self-verbalized UQ are prone to subjective bias
arising from the different cultural influences. We
specifically guard against this bias in our evalu-
ations, by only asking for numerical estimates
of the model’s confidence to avoid all forms of
language-related bias, e.g., in tone or word choice.

This challenge motivated the use of self-
verbalized uncertainty quantification methods as a
widely-applicable approach without relying on the
internal features of the reasoning model. We agree
that a naïve implementation of self-verbalized UQ
is prone to subjective bias, given that different cul-
tures interpret confidence in different ways. We
specifically guard against this bias in our evalua-
tions, by only asking for numerical estimates of
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the model’s confidence. By so doing, we avoid all
language-related bias covering tone, word choice,
etc. In order to effectively explore uncertainty quan-
tification in reasoning language models, we con-
sider a broad range of prompting strategies to ex-
amine the ability of reasoning models to accurately
express their confidence. We draw insights from
existing work on prompt engineering to identify
potentially effective prompt designs for reasoning
models. Beyond the established prompt strategies,
we examine the effects of introspection on a reason-
ing model’s ability to quantify its uncertainty. We
call this approach introspective uncertainty quan-
tification. We discuss these strategies subsequently.

3.1 Prompt Strategies

We design prompts for self-verbalized uncer-
tainty quantification of reasoning models following
prompt templates for LLMs introduced in prior
work. Specifically, we consider zero-shot basic
prompting, chain-of-thought prompting (Wei et al.,
2022; Kojima et al., 2022), multi-step prompt-
ing (Xiong et al., 2023), and Top-K prompting
(Tian et al., 2023). We emphasize that the LLM
is prompted zero-shot, i.e., without any examples.
We provide the full prompts in Appendix D.

Basic Prompt Strategy. In the basic prompt strat-
egy, we provide the question directly to the LLM
and ask for its answer to the question. For exam-
ple, we ask the LLM to provide its answer and
confidence without any description of the problem-
solving approach.

Chain-of-Thought Prompt Strategy. Prior work
(Wei et al., 2022; Kojima et al., 2022; Zhang et al.,
2022) has shown that LLMs are highly capable
zero-shot reasoners when asked to think step by
step. Although prior work has demonstrated the
effectiveness of chain-of-thought prompting in im-
proving accuracy, the effects of chain-of-thought
prompting on calibration of self-verbalized UQ es-
timates remain relatively unexplored. We explore
this research direction in this paper. Specifically,
we ask the LLM to analyze the question step by
step to induce intermediate reasoning and ask for
its confidence.

Multi-Step Prompt Strategy. The multi-step
prompt strategy takes chain-of-thought prompting
a step further. In the multi-step prompt strategy, we
ask the LLM not only to reason about the problem,
but to also provide its confidence at each step. By
doing so, we hope to induce the LLM to reason

about its confidence to improve the calibration of
its self-verbalized confidence estimates. We ask
the LLM to break down the problem into multiple
steps and provide its answer and confidence in each
step.

Top-K Prompt Strategy. Identifying candidate
answers to a given question (and in particular,
how likely these answers are to be correct) can
result in better estimation of the model’s confi-
dence, as demonstrated in prior work (Tian et al.,
2023), where the LLM is asked to provide its top-K
guesses for the answer to a question and the associ-
ated confidence. We explore this prompt strategy
for reasoning models in our work.

3.2 Introspective Uncertainty Quantification

We explore the effect of reasoning on the calibra-
tion of uncertainty quantification of reasoning mod-
els (an open question in LLM research). Drawing
inspiration from how humans double-check their
thought processes to ascertain their confidence in a
given response, we introduce introspective uncer-
tainty quantification: a self-verbalized UQ method
which utilizes a multi-stage reasoning architecture
to reason about and update the confidence of rea-
soning models. Figure 2 illustrates the two-stage in-
trospective UQ procedure using the question shown
in Figure 1, where a reasoning model is asked to
identify flaws in the prior reasoning trace and to
provide its confidence on the correctness of the
first answer. The model identifies weaknesses in
the chain-of-thought traces and correctly reduces
the confidence in the original response, ultimately
improving its calibration.

At the initial stage of introspective UQ, we ask
a reasoning model to answer a question and pro-
vide its confidence in the answer. In subsequent
stages, we provide the reasoning model with the
reasoning traces at earlier stages and ask the model
to analyze these traces to identify flaws and to ulti-
mately provide a confidence estimate in the answer
provided in the initial stage. Specifically in the
second stage, we consider three kinds of prompts
for introspection defined by varying conservative-
ness — (i) IUQ-Low: a neutral prompt asking the
model to reason about its uncertainty given earlier
reasoning traces and associated confidence esti-
mates (without any hints on possible flawed rea-
soning), (ii) IUQ-Medium: a more conservative
prompt explicitly asking the model to find flaws in
the input reasoning traces including the prior confi-
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I recalled that Jasper Johns and Richard 
Serra were early contemporaries in the 
early 1960s. 
Based on biographical details (e.g., 
Serra's birth year and his early career),  
it seems likely that Johns commissioned 
Serra for the splash piece when Serra  
was in his early twenties, around 1961. 
Evaluating recollections and connections 
between the artists led to the conclusion 
that 1961 is most plausible, with an 
estimated 75% confidence.

1961
Confidence

75%
Answer

Identify the flaws and provide your confidence in the correctness.

Based solely on an approximate assumption…

"splash piece" is not clearly contextualized…

Rely on inexact biographical guesses…

The answer "1961" is highly questionable.

Introspective UQ

Flaws:

Conclusion:

C

C

C

20%

75%

Conf.

Final:

Figure 2: Introspective UQ. Although the reasoning model is initially highly overconfident and wrong (as shown
in Figure 1), through introspection, the model can identify flaws in its chain-of-thought traces to provide better
calibrated confidence estimates, mitigating overconfidence.

dence estimates, and (iii) IUQ-High: the most con-
servative prompt which utilizes the same prompt
as IUQ-Medium without the prior confidence esti-
mates. We provide a template of these prompts in
Appendix Section C. Although introspective UQ
can utilize many stages, we limit the number of
stages to two in our work and leave an exhaustive
examination of the optimal number of stages to
future work.

We restrict the second stage of introspective UQ
to reasoning about uncertainty and do not ask the
model to update the answer to the original ques-
tion for two key reasons: (i) to encourage focused
reflection on prior reasoning traces, and (ii) to
guard against hallucinations, especially in prob-
lems where the model is not confident. Prior work
(Liu et al., 2024) has shown that language models
tend to hallucinate or vacillate between different
choices when prompted with a question that they
are not confident about, e.g., in knowledge-retrieval
problems. Such vacillations present unnecessary
distractions, undermining the effectiveness of intro-
spective UQ.

With introspective UQ, we seek to elicit human-
like internal reflections in reasoning models for cal-
ibrated uncertainty quantification, which could be
important in downstream applications such as hal-
lucination detection and mitigation. However, we
note that humans sometimes become unjustifiably
more confident in their responses after analyzing
their reasoning process (Shynkaruk and Thompson,
2006), a challenge that could also arise with rea-

soning models. We explore these questions in the
experiments discussed in Section 4.

4 Experiments

We evaluate the calibration and accuracy of reason-
ing models on benchmark datasets and assess the
confidence estimates of reasoning models using the
self-verbalized UQ methods presented in Section 3.
Specifically, we seek to answer the following ques-
tions: (i) Are reasoning models calibrated, sys-
temically underconfident, or overconfident? (ii) Is
accuracy correlated with calibration (positively or
negatively, strongly or weakly)? (iii) Does deeper
reasoning (e.g., greater number of reasoning steps)
improve calibration? (iv) Can reasoning models
reason about their uncertainty for better calibra-
tion? Lastly, we explore the effects of different
prompt strategies on the calibration and accuracy
of reasoning models in Appendix J.

4.1 Evaluation Setup

We summarize the experiment setup, including the
reasoning models, datasets, prompt strategies, and
evaluation metrics.

Models. We evaluate SOTA reasoning mod-
els that are publicly accessible via an API,
namely: (i) Claude 3.7 Sonnet (claude-3-7-sonnet-
20250219, released 02/19/2025), (ii) DeepSeek
R1 (deepseek-reasoner, released 01/20/2025), (iii)
Gemini (gemini-2.0-flash-thinking-exp, released
12/19/2024), and (iv) o3-mini (o3-mini, released
01/31/2025). We do not benchmark Grok 3 Beta,
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since we were not able to get access to the model.
With these models, we examine calibration across
different model sizes.

Datasets. We consider five standard question-
answering benchmark datasets, namely: (i) ARC-
Challenge Set (Clark et al., 2018), (ii) Graduate-
Level Google-Proof Q&A (GPQA) Benchmark
(Rein et al., 2023), (iii) Measuring Massive Mul-
titask Language Understanding (MMLU) dataset
(Hendrycks et al., 2020),(iv) StrategyQA (Geva
et al., 2021), and (v) SimpleQA (Wei et al., 2024).
All these datasets are open-sources; hence, our re-
sults can be easily reproduced.

Prompt Strategies and Metrics. We utilize the
prompt strategies discussed in Section 3.1, with
K = 5. We report the calibration of the self-
verbalized confidence estimates from the model
using the expected calibration error (ECE) and max-
imum calibration error (MCE) (see Section A for
a brief review). Further, we provide the accuracy,
successful query-completion rate (completion) to
show how well the models follow instructions, and
reliability diagram to show the deviation between
the bin-wise confidence and accuracy as a measure
of underconfidence or overconfidence.

4.2 Calibration of Reasoning Models

Here, we assess the uncertainty of reasoning mod-
els to characterize their calibration across the afore-
mentioned benchmarks. Figure 3 summarizes the
ECE, MCE, accuracy, and completion rate of each
model across these problem domains, showing the
average performance of each model over the four
prompt strategies. We provide each model’s in-
dividual performance for each prompt strategy in
Appendix F. In general, we find that reasoning
models are not well-calibrated, particularly in chal-
lenging problem domains (e.g., SimpleQA). For
example, the original GPT-4 without RLHF was
better calibrated with an ECE of 0.7 on a subset
of the MMLU dataset (OpenAI, 2024a), which is
significantly lower than the ECE of all the models
in Figure 3. Specifically, reasoning models tend to
be overconfident, although this issue is less obvious
on benchmarks where models achieve near-perfect
accuracy (e.g., ARC-Challenge). Next, we provide
a detailed discussion of these results.

Model Calibration on Benchmarks. From Fig-
ure 3, reasoning models are better calibrated on
ARC-Challenge and MMLU; however, calibration
of these models degrades significantly on Strate-

gyQA, GPQA, and SimpleQA. These results sug-
gest that reasoning models are better calibrated on
older benchmarks, e.g., ARC-Challenge (released
in 2018) and MMLU (released in 2020), compared
to more recent benchmarks where the models are
poorly calibrated, e.g., StrategyQA (released in
2021), GPQA (released in 2023), and SimpleQA
(released in 2024). We observe that new bench-
marks are often created due to performance sat-
uration on older ones. We hypothesize that the
difference in calibration of these models can be ex-
plained by the difference in accuracy across these
benchmarks and explore these connections in Sec-
tion 4.3. The results highlight that calibration on a
particular dataset is not always indicative of cali-
bration on another dataset, especially in cases with
near-perfect model accuracy where overconfidence
is difficult to detect. This finding raises a common,
important challenge in benchmarking LLMs: exist-
ing benchmarks become relatively uninformative
for UQ as new reasoning models are trained to beat
these benchmarks, necessitating the introduction of
newer benchmarks. Moreover, from the reliability
diagrams, we find that reasoning models tend to be
overconfident and observe that Claude 3.7 Sonnet
is the most calibration model with o3-Mini being
the least calibrated (see Appendix F).

4.3 Correlation Between Accuracy and
Calibration of Reasoning Models

The preceding results showed that reasoning mod-
els are poorly calibrated in datasets where these
models have lower accuracies and better calibrated
otherwise. Here, we investigate the relationship be-
tween accuracy and calibration of reasoning mod-
els by examining the correlation between these two
metrics. We compute the average accuracy and
ECE over the four prompt strategies per model,
aggregating statistics among 20 data points.

In Figure 4, we observe a strong negative correla-
tion between accuracy and ECE across all models,
which in the case of Gemini, is a perfect negative
correlation, i.e., r = −1. Similarly, DeepSeek and
o3-Mini exhibit near-perfect correlation. This find-
ing underscores that reasoning models are poorly
calibrated. As shown in Figure 7, reasoning mod-
els are overconfident, which explains the strong
correlation between accuracy and calibration. In
general, if an overconfident model consistently out-
puts high confidence values, then its ECE will de-
crease as its accuracy increases. The confidence of
a well-calibrated model should reflect its accuracy,
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Figure 3: Are reasoning models calibrated? Reasoning models are well-calibrated on the ARC-Challenge and
MMLU benchmarks and poorly calibrated on StrategyQA, GPQA, and SimpleQA, suggesting better model calibration
on older benchmarks and worse calibration on more recent benchmarks.

Figure 4: Is accuracy correlated with calibration in reasoning models? The ECE is strongly correlated with
accuracy in state-of-the-art reasoning models. In essence, the self-verbalized confidence of reasoning models is
generally not trustworthy in problems where they achieve low accuracy. Remarkably, Claude remains well-calibrated
even in these low-accuracy settings. We observe the same trends in the correlation between accuracy and the MCE.

represented by a near-zero correlation coefficient
between accuracy and ECE. However, unlike the
other models, Claude has a much weaker correla-
tion with r = −0.69 (28% smaller than that of the
second-best-performing model DeepSeek), show-
ing its relatively better calibration.

Further, these results suggest that self-verbalized
confidence estimates from reasoning models should
be taken with great care, especially with poorly cal-
ibrated models. Lastly, as with the ECE, accuracy
and MCE have a strong negative correlation, with
DeepSeek showing the weakest correlation. Train-
ing reasoning models to not only be accurate but
also be well-calibrated remains a fundamental re-
search challenge, as highlighted by these results.
We discuss the correlation between calibration er-
ror and accuracy for each prompt in Appendix G.
We explore open research problems and potential
future research directions in Section 6.

4.4 Reasoning Depth vs. Calibration

One of the most appealing properties of reason-
ing models is inference-time scaling: the ability to
boost the accuracy of responses via deeper reason-
ing (albeit at the expense of increased inference
time and energy costs). However, the impact of
deeper reasoning on calibration has not been ex-
plored in prior work. Here, we examine the coupled
effects of reasoning depth on the accuracy and cal-
ibration of reasoning models, highlighting some
notable findings. We summarize our results in Fig-
ure 5, evaluating Claude 3.7 Sonnet and o3-Mini
since DeepSeek-R1 and Gemini do not sufficiently
support/utilize the specification of a reasoning to-
ken budget. We provide detailed results for each
model in Appendix H. At the time of the experi-
ments, finer control over other open-source reason-
ing models was not yet supported. We consider
three reasoning levels: RE-Low, RE-Medium, and
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RE-High, implemented by the OpenAI API. We
estimate the number of thinking tokens correspond-
ing to these levels, and specify these parameters
as a thinking budget to Claude. We compute the
average of each metric across the two reasoning
models.

On average, we find that deeper reasoning results
in higher accuracies and better calibration, high-
lighted in Figure 5. However, we observe a more
nuanced relationship between reasoning depth, ac-
curacy, and calibration upon closer examination.
Specifically, our analysis of the results in Figure 5
reveals three key findings. First, model calibration
improves with increasing reasoning depth when-
ever deeper reasoning leads to an increase in ac-
curacy. This observation can be seen in GPQA,
where an increase in reasoning depth from low to
high leads to a 10.8% increase in accuracy and
an associated 5.5% decrease in the ECE. Second,
model calibration and accuracy remain relatively
unchanged with greater reasoning depth in “eas-
ier" benchmarks, i.e., in datasets where the model
achieves relatively high accuracy, e.g., in Strate-
gyQA. In these settings, deeper reasoning does not
result in an appreciable increase in accuracy. More-
over, model overconfidence becomes difficult to
identify, masked by high accuracy. Third, as the ac-
curacy of the model saturates in more challenging
datasets, deeper reasoning leads to an increase in
the calibration errors, which is visible in SimpleQA.
As the reasoning depth increases from low to high,
we observe a relatively small increase in accuracy
and a much larger increase in the ECE. In addi-
tion, we find that deeper reasoning makes reasoning
models more confident in their incorrect responses
by reinforcing their misguided thought process in
these problems. We refer readers to Appendix H
for more extensive discussion. In summary, for
challenging problems, the lack of calibration in the
reasoning model typically induces a collapse in the
token distribution towards the most likely genera-
tion path, generally increasing the confidence of
the model without a corresponding increase in ac-
curacy. On the other hand, deeper thinking can also
improve accuracy in less challenging task domains,
which generally improves calibration, as discussed
in Figure 4.

4.5 Reasoning about Confidence
Next, we examine if model calibration can be im-
proved by reasoning about uncertainty. Specifi-
cally, we utilize a two-stage introspective UQ pro-

cedure. We explore three introspective UQ strate-
gies: IUQ-Low, IUQ-Medium, and IUQ-High (see
Section 3.2). The second stage uses a new session
with a re-initialized context window that does not
contain information from the first session. We do
not include Gemini in these results due to insuffi-
cient support for analysis of the reasoning traces.
We limit our scope to inference-time methods, as
the data collection and computation costs for train-
ing these language models are often out of reach.

We compute the calibration errors of each model
across the challenging datasets (GPQA, Strate-
gyQA, and SimpleQA). In Figure 6, when averag-
ing across all models, we observe that introspective
UQ leads to a marginal increase in the average ECE
in IUQ-Low and a decrease in IUQ-Medium and
IUQ-High. The change in the ECE varies signifi-
cantly with the dataset and the introspective prompt.
Unlike the MCE which increases across all datasets,
in the least conservative introspection, the ECE
decreases in the GPQA and StrategyQA datasets
but increases in the SimpleQA dataset. However,
with IUQ-Medium and IUQ-High, we observe a
decrease in the ECE across all datasets, except
in StrategyQA in the case of IUQ-High. Asking
the reasoning model to identify flaws in the prior
reasoning traces tends to induce more critical in-
trospection, leading to a significant decrease in
miscalibration, especially in the most challenging
dataset, SimpleQA. When prior confidence esti-
mates are not provided to reasoning models (i.e., in
IUQ-High), reasoning models reason more conser-
vatively during introspection, which leads to better
calibration in challenging datasets. Conversely, on
easier datasets, greater conservativeness from more
critical introspection could slightly increase the
ECE, e.g., IUQ-High on StrategyQA.

5 Conclusion

In this paper, we examine uncertainty quantifica-
tion of reasoning models. To this end, we ask
three critical questions: First, are reasoning mod-
els well-calibrated? Second, does deeper reason-
ing improve model calibration? Third, can rea-
soning models improve their calibration by explic-
itly reasoning about their chain-of-thought traces?
Through extensive evaluations, we observe that
reasoning models are generally overconfident and
become even more overconfident with deeper rea-
soning, especially in tasks where deeper reasoning
does not correspond to higher accuracy. Lastly, the
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Figure 5: Does increasing reasoning depth improve calibration? Deeper reasoning leads to overall higher
accuracy; however, as the accuracy of these models saturate, reasoning models become even more overconfident.

Figure 6: Introspective UQ. Calibration of reasoning models improves with introspective uncertainty quantification,
particularly in challenging datasets, e.g., SimpleQA, with more conservative prompts, e.g., IUQ-Medium and
IUQ-High.

calibration of these model improves with more crit-
ical introspection, although introspection increases
the overconfidence of Claude.

6 Limitations

The results in our work highlight that in general,
reasoning models are poorly calibrated despite their
remarkable accuracy, posing a challenge to real-
world deployment. We believe that improving the
calibration of reasoning models is essential to drive
widespread safe adoption of these models. Here,
we identify some valuable research directions for
future work.

Reducing the Correlation between Accuracy
and Calibration. As discussed in Section 4, the
accuracy of reasoning models is strongly posi-
tively calibrated with their calibration. Stable, well-
calibrated models should have a near-zero corre-
lation between accuracy and calibration, i.e., the
model should remain well-calibrated in relatively
easier problem domains and relatively more chal-
lenging problem domains. Training stable, well-
calibrated reasoning models remains an open chal-
lenge, presenting a valuable direction for future

research. Future work will explore techniques that
preserve model calibration even when the accu-
racy of these models is low. For example, rea-
soning models can be trained to recognize chal-
lenging problems and provide more conservative
confidence estimates in these knowledge domains.

Training Reasoning Models to Reason about
their Uncertainty. Reinforcement-learning-
induced multi-step reasoning has enabled reasoning
models to set new performance records on a broad
range of benchmarks. By decomposing challenging
problems into easier-to-solve subproblems, reason-
ing models have achieved superior accuracy com-
pared to prior language models. We believe that rea-
soning models can be trained to perform multi-step
reasoning about their uncertainty through reinforce-
ment learning, constituting an exciting direction
for future work. By training models to explicitly
reason about the boundaries of their knowledge,
reasoning models can be empowered to better es-
timate their confidence in the correctness of their
responses.

Benchmarks for Uncertainty Quantification. As
noted in the preceding discussion in Section 4,
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the performance of reasoning models on many
existing benchmarks has saturated, making these
benchmarks essentially uninformative in uncer-
tainty quantification. Future work will seek to in-
troduce new benchmarks that better evaluate the
calibration of reasoning models, across a range
of disciplines. For example, new benchmarks for
evaluating the calibration of reasoning models at
intermediate steps in the problem-solving process
would shed more light on the calibration of the
thought processes of reasoning models.

7 Ethical Considerations

This work identifies that state-of-the-art reasoning
models are poorly calibrated, motivating future re-
search on training trustworthy reasoning models.
However, we do not introduce any new potential
risks.
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Appendix A Preliminaries

Consider a model M that takes an input random
variable X ∈ X and predicts an output Ŷ ∈ Y ,
along with a confidence score P̂ ∈ [0, 1]. We focus
on settings with a deterministic ground-truth Y
given the input X .1 In this section, we provide
a brief overview of calibration of uncertainty and
calibration metrics.

Calibration of Uncertainty. The model M is
defined to be perfectly calibrated if its confidence
estimate P̂ matches the true probability p that the
associated answer Ŷ is correct. Formally, perfect
calibration (Guo et al., 2017) can be expressed as:

PZ [Ŷ = Y | P̂ = p] = p, (1)

where the probability is over the joint distribution
on Z = X×Y . However, achieving perfect calibra-
tion is practically impossible, motivating metrics
that capture deviation from (1) empirically.

Calibration Metrics. Calibration metrics evalu-
ate how closely a model’s predicted confidence
aligns with its true accuracy. Widely-used met-
rics include the expected calibration error (ECE)
and maximum calibration error (MCE). The ECE
measures the average absolute difference between
predicted confidence (right-hand side of (1)) and
empirical accuracy (left-hand side of (1)) with:

EP̂

[
|P[Y = Ŷ | P̂ = p]− p|

]
. (2)

Since this expectation is generally intractable, the
ECE is typically approximated by grouping the em-
pirical confidence estimates into M equal-width
bins. Given a set of samples Bm whose confi-
dence falls into bin m with the bin average accu-
racy acc(Bm) and average confidence conf(Bm),
the ECE is approximated by:

ECE =
M∑

m=1

|Bm|
n

|acc(Bm)− conf(Bm)| , (3)

1This applies to a wide range of question-and-answering
problems, e.g., multiple-choice questions, true-or-false ques-
tions, or any question that has an explicit correct answer. The
definition of Ŷ = Y is not constrained to exact correspon-
dence in form, i.e., Ŷ = Y if Ŷ and Y have the same meaning.
For example, both “true” and “True” are correct for a true-
or-false question, if Y =True, while for freeform Q&A, Ŷ is
correct if it captures the ground truth (Wei et al., 2024). If the
ground truth answer Y is inherently stochastic, then it should
be expressed as a stochastic distribution described in natural
language, for example, a Gaussian distribution with µ = 0
and σ2 = 1.

where n represents the total number of samples
across all bins.

On the other hand, the MCE captures the worst-
case discrepancy between confidence and accuracy,
i.e., the maximum deviation between the left- and
right-hand sides of (1):

max
p∈[0,1]

∣∣∣P[Y = Ŷ | P̂ = p]− p
∣∣∣ . (4)

Similar to the ECE, we approximate the MCE
by taking the largest bin-wise error (Naeini et al.,
2015):

MCE = max
m∈{1,...,M}

|acc(Bm)− conf(Bm)| . (5)

Appendix B Dataset Licenses

We use the datasets in Section 4.1 in accordance
with their licenses (e.g., CC-BY 4.0), which allow
for research use. These datasets, which contain
primarily English content, have been used in prior
work and have not been flagged as having offensive
content.

Appendix C Introspective Uncertainty
Quantification

Here, we provide the full system prompts for the
three introspective UQ prompt strategies: IUQ-
Low, IUQ-Medium, and IUQ-High.

Introspective UQ-Low

You are provided with the reasoning trace of a
model asked to answer a question and provide
the associated confidence between 0 and 100.
Your task is to think about the reasoning trace
from the first model and provide your confi-
dence in the correctness of the answer provided
by the first model.

Introspective UQ-Medium

You are provided with the reasoning trace of
a model asked to answer a question and pro-
vide the associated confidence between 0 and
100. Your task is to identify the flaws in the
reasoning trace from the first model and pro-
vide your confidence in the correctness of the
answer provided by the first model.
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Introspective UQ-High

You are provided with the reasoning trace of a
model asked to answer a question. Your task is
to identify the flaws in the reasoning trace from
the first model and provide your confidence in
the correctness of the answer provided by the
first model.

Lastly, we provide an example of the full prompt
with the question and reasoning trace using IUQ-
Medium. We append the text “You must include
your reasoning trace in your response," particularly
for models that do not natively support access to
the internal reasoning trace.

Introspective UQ: Example Full Prompt

System: You are a smart entity. Do not use the
internet.
System: You are provided with the reasoning
trace of a model asked to answer a question
and provide the associated confidence between
0 and 100. Your task is to identify the flaws
in the reasoning trace from the first model and
provide your confidence in the correctness of
the answer provided by the first model.
User: The question is: How many original art-
works were shown in the Society of Illustrators’
first "Annual Exhibition"?
The given reasoning process and answer is: ...
System: Given the answer and confidence from
the first model, what is your confidence in the
validity of the first model’s answer as a number
in the form {rec, Y}? The first element in the
curly braces should always be rec. For example,
if you are 80 percent confident that the first
model is correct, your answer should be {rec,
80}.

Appendix D LLM Prompt Strategies

For completeness, we provide the full prompts for
the basic, chain-of-thought, multi-step, and top-K
prompt strategies, introduced in prior work.

Standard Prompt

Provide an answer and the confidence in your
answer between 0 and 100.

Chain-of-Thought Prompt

Analyze step by step and provide an answer and
the confidence in your answer between 0 and
100.

Multi-Step Prompt

Break down the problem into multiple steps,
and provide an answer to each step, along with
a justification and a confidence in each step.
Give your final answer with your confidence in
your final answer and the confidence in your
answer between 0 and 100.

Top-K Prompt

Give K = 5 best guesses and your confidence
in each guess (i.e., the probability that each
one is correct). Give your final answer with
your confidence in your final answer and the
confidence in your answer between 0 and 100.

The system prompts are followed with a descrip-
tion of the dataset including the desired answer
format, as well as the actual question. We show
an example full prompt for the SimpleQA dataset,
with the basic prompt strategy.

Example Full Prompt

System: You are a smart entity. Do not use the
internet.
System: Analyze step by step and provide an
answer and the confidence in your answer be-
tween 0 and 100.
System: Each question requires a simple, short
fact as the answer: only provide your final an-
swer, which could be a specific name, date, or
other fact, and a number for the confidence in
the form X, Y. For example, if you think the an-
swer is 1950 and you are 80 percent confident,
then you should only say {1950, 80}.
User: Who received the IEEE Frank Rosenblatt
Award in 2010?

Appendix E Evaluation Setup

We provide additional details on the evaluation
setup.

Datasets. We evaluate the models on the follow-
ing datasets: (i) AI2 Reasoning Challenge (ARC-
Challenge) Set (Clark et al., 2018), the challeng-
ing subset of the ARC dataset; (ii) Graduate-Level
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Google-Proof Q&A (GPQA) Benchmark (Rein
et al., 2023), consisting of questions determined
to be challenging by PhD-level domain experts;
(iii) Measuring Massive Multitask Language Un-
derstanding (MMLU) dataset (Hendrycks et al.,
2020), which encompasses a broad range of fields;
(iv) StrategyQA (Geva et al., 2021), which requires
implicit reasoning steps, and (v) SimpleQA (Wei
et al., 2024), which examines the factuality of
LLMs. While SimpleQA consists of open-ended
questions, all other datasets use the multiple-choice
format. For adequate coverage of a range of tasks
in MMLU, we select the abstract algebra, profes-
sional accounting, professional medicine, interna-
tional law, and sociology subsets, representing the
more challenging subsets.

Appendix F Calibration of Reasoning
Models.

We further discuss the calibration and accuracy
of reasoning models, across the basic, chain-of-
thought, multi-step, and top-K prompt strategies,
in addition to the results in Section 4.

Are Reasoning Models Underconfident or Over-
confident? We plot the reliability diagrams of
the reasoning models in Figure 7 for the three chal-
lenging datasets (StrategyQA, GPQA, and Sim-
pleQA), aggregating the empirical confidence esti-
mates across all prompt strategies. In these more
challenging datasets, we see that reasoning mod-
els are generally overconfident, with confidence
estimates typically greater than 85%. This is seen
by examining the density of samples in each con-
fidence bin (i.e., the number of times the model
predicts a confidence level within the given bin
divided by the total number of queries), denoted
by the red crosses in Figure 7. Larger red gaps
in the reliability diagram signify greater overconfi-
dence (miscalibration), representing the deviation
between the estimated bin-wise confidence and per-
fect calibration. Figure 7 shows that Gemini and o3-
Mini are higly overconfident, with significant con-
centration of their confidence estimates in the 85%
to 100% confidence bins. In particular, the accu-
racy of the samples within these bins significantly
deviates from the estimated bin-wise confidence.
DeepSeek also exhibits overconfidence, although
to a smaller degree. We observe large miscalibra-
tion and high sample densities especially between
the 70% and 80% confidence intervals. Claude is
the best calibrated model, with significantly smaller

miscalibration gaps. However, Claude still appears
to be overconfident, particularly in the 60% and
80% confidence range. We provide the reliability
diagram for all datasets in Appendix F.

In Figure 8, we plot the reliability diagrams ag-
gregated across all datasets, showing that reasoning
models are typically highly confident, with most
of their confidence estimates in the 90%-100%
confidence bins. However, the high accuracies of
the models makes overconfidence detection diffi-
cult. For example, in Figure 9, we visualize the
reliability diagrams for the easier datasets (ARC-
Challenge and MMLU), showing that overconfi-
dence is masked by the models’ high accuracy.

Comparison among the Models. We compare
the models’ calibration, accuracy, and completion
capabilities to identify the best-performing model.
From Figures 3 and 7, we find that Claude is the
most calibrated model by a significant margin, fol-
lowed by DeepSeek, based on the ECE. This find-
ing appears to be consistent across all datasets,
except StrategyQA and GPQA, where DeepSeek
achieves the best calibration. In contrast, Gemini is
the least calibrated model, although the calibration
of o3-Mini is almost the same as that of Gemini in
many datasets. In addition, Claude 3.7 Sonnet is
about 2% more accurate than DeepSeek (the best-
competing method) and over 4% more accurate
than o3-Mini (the least accurate model), which is
not entirely surprising given that the compact o3-
Mini trades off performance for cost efficiency rel-
ative to o3. Further, DeepSeek and Gemini achieve
almost the same accuracy, with only a 0.6% gap.
The superior accuracy of Claude 3.7 Sonnet may
be explained by the recency of its release com-
pared to the other models: Claude 3.7 Sonnet is
the latest model to be released among the models.
Lastly, all models completed more than 97% of the
questions, with o3-Mini achieving the highest com-
pletion percentage, indicating its ability to interpret
the questions and follow the instructions required
to provide valid answers.

Model Calibration for Each Prompt Strategy. In
Figures 10 to 13, we provide the calibration and ac-
curacies of each model across all datasets for each
prompt strategy. In line with the results in Sec-
tion 4.2, across all the prompt strategies, Claude
achieves the lowest ECE by relatively significant
margins followed by DeepSeek (except in the top-
K prompt strategy). In general, we find that Claude
3.7 Sonnet is the best calibrated and most accurate
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Figure 7: Are reasoning models consistently underconfident or overconfident? Reasoning models are systemati-
cally overconfident, with Gemini and o3-Mini being the most overconfident followed by DeepSeek, while Claude is
the best calibrated one, highlighted by the reliability diagrams for StrategyQA, GPQA, and SimpleQA aggregated
over all prompt strategies.

of the reasoning models considered in this work.
Further, Gemini and o3-Mini achieve almost the
same calibration and accuracy, with Gemini outper-
forming o3-Mini with basic and top-K prompts by
narrow margins.

Appendix G Coupling between Accuracy
and Calibration of
Reasoning Models

Here, we discuss the accuracy of each model on the
benchmarks and examine the correlation between
accuracy and calibration.

Model Accuracy on Benchmarks. We find that
the accuracy of reasoning models varies signifi-
cantly across the benchmarks. In Figure 3, all rea-
soning models achieve over 90% accuracy on the
ARC-Challenge and MMLU datasets, with about
a 10− 20% absolute drop on the StrategyQA and
GPQA datasets. The drop in accuracy can be ex-
plained by the relative difficulty of the more recent
benchmarks StrategyQA and GPQA, which empha-
size analytical problem-solving over memorization,
compared to ARC-Challenge and MMLU. Prior
work has shown that LLMs struggle more with
analytical tasks compared to information-retrieval
tasks (which require recitation) (Wu et al., 2024),
which is in line with our results. Likewise, the

results indicate that the accuracy of the reasoning
models decreases with the recency of the bench-
mark, which is not surprising, given that these mod-
els are trained to perform well on these benchmarks.
Notably, all reasoning models achieve less than
40% accuracy on the SimpleQA dataset, which
was was constructed adversarially from GPT-4’s re-
sponses (i.e., a question was added to SimpleQA, if
at least one GPT-4 response was incorrect). We ob-
serve that SimpleQA remains notably challenging
for reasoning models, making it useful for uncer-
tainty quantification.

Correlation between Accuracy and Calibration.
In Section 4.3, we show that calibration and

accuracy are strongly correlated (Figure 4), with
the results averaged over the four prompt strategies.
Here, we show the correlation between calibration
errors and accuracy for each prompt strategy in Fig-
ures 14 through 17. For all prompt strategies, we
observe a strong negative correlation between ECE
and accuracy, as well as between MCE and accu-
racy. Similar to results discussed in Section 4.3,
among all models, Claude’s calibration is least
strongly correlated accuracy, while Gemini almost
always exhibits perfect negative correlation. For
MCE and accuracy, the trend is weaker, affected by
many outliers, but o3-Mini and Gemini generally
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Figure 8: Are reasoning models consistently underconfident or overconfident? The reliability diagrams are
aggregated over all prompt strategies and all datasets. Reasoning models are overconfident, but it’s less obvious in
datasets with very high model accuracies.

show stronger correlations compared to Claude and
DeepSeek.

Appendix H Reasoning Depth vs.
Calibration

We provide the reliability diagrams associated with
the reasoning depths aggregated over all datasets
in Figure 18, showing that the proportion of highly
confident responses increases with reasoning depth,
oftentimes without a corresponding increase in
accuracy, degrading the calibration of the model.
For example, in Figure 18, we see that reasoning
models are generally overconfident with most of
the model’s confidence estimates residing between
85% and 100%. As we increase the reasoning
depth, the density of samples in this interval in-
creases while the accuracy of these samples de-
creases (e.g., samples in the 90%-95% interval),
underscoring that reasoning models become even
more overconfident with deeper reasoning.

Further, MCE decreases with greater reasoning
depth (Figure 5). We note that the worst-case cal-
ibration error is generally associated with confi-
dence bins containing a single or only a few sam-
ples. Deeper reasoning generally increases either
the accuracy of these samples or the confidence
associated with these samples, since the affected
samples typically move to a bin with more samples,

ultimately reducing their influence on the MCE.
Lastly, from Figure 18, the completion rate of rea-
soning models decreases with greater reasoning
depth. Reasoning models tend to struggle more
with following format instructions specified in the
system prompt when provided with a greater think-
ing budget. This observation is more prominent in
scientific domains, e.g., GPQA, where reasoning
involves significant scientific notation and equa-
tions.

Next, for a more detailed analysis, we exam-
ine the calibration errors as a function of reason-
ing depth on wrongly-answered questions, (i.e., on
questions with incorrect responses at all reasoning
depth levels). Figure 19 reveals that model calibra-
tion degrades with reasoning depth in this domain
with an increase in the average ECE and MCE.
This result suggests that deeper reasoning makes
reasoning models more confident in their incorrect
responses by reinforcing their misguided thought
process in these problems. This result bears some
similarity to human behavior, since prior work has
shown that humans tend to provide higher estimates
of their confidence in their answers (Shynkaruk and
Thompson, 2006) when given more time to think,
even when their answers do not change. Moreover,
we find that the relative effect of reasoning depth
on calibration varies significantly with the model.
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Figure 9: Are reasoning models consistently underconfident or overconfident? We show the reliability diagrams
on the easier datasets . Overconfidence is difficult to detect in these datasets due to the high accuracy of the models.

Figure 10: Basic Prompt Strategy. Calibration and Accuracy of Reasoning Models.

Figure 11: Chain-of-Thought Prompt Strategy. Calibration and Accuracy of Reasoning Models.
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Figure 12: Multi-Step Prompt Strategy. Calibration and Accuracy of Reasoning Models.

Figure 13: Top-K Prompt Strategy. Calibration and Accuracy of Reasoning Models.

Figure 14: Basic Prompt Strategy. Correlation between Calibration and Accuracy.
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Figure 15: Chain-of-Thought Prompt Strategy. Correlation between Calibration and Accuracy.

Figure 16: Multi-Step Prompt Strategy. Correlation between Calibration and Accuracy.

Figure 17: Top-K Prompt Strategy. Correlation between Calibration and Accuracy.
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Figure 18: Deeper Reasoning vs. Underconfidence/Overconfidence? Reasoning models become more overconfi-
dent with deeper reasoning, evidenced by the increase in the density of samples in higher-confidence bins (e.g., the
90%-95% interval) without a corresponding increase in accuracy.

Figure 19: Does increasing reasoning depth make the models more confidently wrong on average? On
wrongly-answered questions, reasoning models become more overconfident, even though the correctness of their
answers does not change.

From Figure 20, o3-Mini is more susceptible to
reasoning-induced overconfidence, with a 7% ab-
solute increase in the ECE from the low-reasoning
to the high-reasoning setting, compared to a 2%
increase for Claude. In fact, not only is Claude
more robust, it is also better calibrated across all
datasets. Moreover, the MCE increases for all mod-
els as all models become more confident without a
corresponding increase in their accuracy.

Appendix I Reasoning about Confidence

We visualize the reliability diagrams associated
with the first and second stages in Figure 21, show-
ing that less critical introspection, e.g., IUQ-Low,
can increase model overconfidence, i.e., a right-
ward shift in the confidence estimates from low-
confidence bins to high-confidence bins. For ex-
ample, we observe an increase in the density of
samples in the 0.85-1.0 confidence bins, in IUQ-
Low. However, more critical introspection, e.g.,
IUQ-Medium and IUQ-High, leads to better cali-
bration, reducing overconfidence.

We further analyze the calibration of introspec-
tive UQ estimates for each model, summarized in
Figure 22. We find that calibration of Claude sig-
nificantly degrades when the model reasons about
its uncertainty, particularly in StrategyQA and Sim-

pleQA. Specifically, Claude becomes more over-
confident with introspective UQ, as highlighted
in Figure 23, showing that the proportion of con-
fidence estimates in the 0.9-0.95 confidence bin
nearly doubles, with a corresponding decrease in
the density of almost all the bins below 0.8. This
observation may be due to the implementation de-
tails of Claude, which is closed-source.

In contrast, introspection improves the calibra-
tion of DeepSeek and o3-Mini, with bigger im-
provements with IUQ-Medium and IUQ-High in
SimpleQA. During the second stage, critical in-
trospection enables these models to identify flaws
and hallucinations in their reasoning traces, lead-
ing to effective reassessment of their confidence.
Figure 23 highlights these findings, showing an in-
crease in the density of the lower-confidence bins
with a corresponding decrease in the density of the
higher-confidence bins, ultimately reducing over-
confidence.

In summary, these results suggest that introspec-
tive UQ improves the calibration of reasoning mod-
els, particularly in challenging problems where in-
trospection enables these models to identify flaws
in their reasoning.
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Figure 20: Does increasing reasoning depth make the models more confidently wrong? With more reasoning
effort, o3-Mini’s overconfidence worsens, while Claude’s overconfidence remains relatively constant.

Figure 21: Introspective UQ vs. Underconfidence/Overconfidence. More critical introspection, e.g., IUQ-Medium
and IUQ-High, improves the calibration of reasoning models, mitigating model overconfidence, unlike IUQ-Low.

Appendix J Effects of LLM Prompt
Strategies on Calibration and
Accuracy of Reasoning
Models

Prior work has shown that prompt engineering can
improve the performance of LLMs significantly.
For example, existing work has demonstrated that
chain-of-thought (CoT) prompting leads to higher
accuracy in non-reasoning LLMs, e.g., in zero-shot
tasks. Here, we explore the question: do prompt
strategies such as chain-of-prompting improve the
accuracy and calibration of reasoning models? To
do so, we compute the accuracy and calibration
over the four prompt strategies: basic, CoT, multi-
step, and top-K prompts, averaging the models’
performance within each dataset.

From Figure 24, we observe that the perfor-
mance of reasoning models is relatively indepen-
dent of the selected prompt strategy. In partic-
ular, specialized prompt strategies such as CoT
prompting and multi-step prompting which have
been shown to be effective in non-reasoning mod-
els do not significantly outperform basic prompting
techniques that just ask the model directly for its

answer and confidence in terms of calibration, ac-
curacy, and completion rates. In non-reasoning
models, CoT prompting and multi-step prompting
are generally effective due to their ability to elicit
reasoning in these models. However, reasoning
models are trained to generate reasoning traces by
default. Consequently, specialized prompt strate-
gies are not necessary to induce reasoning, explain-
ing the independence between the performance of
reasoning models and prompt strategies.

Here, we examine the variability in calibration
and accuracy for each model for each prompt strat-
egy. Unlike the other models, Claude suffers a
notable dip in its accuracy and calibration in the
Top-K strategy, where the model is asked to pro-
vide multiple guesses along with its confidence
in the correctness of each guess. This finding sug-
gests that Claude might be more likely to change its
answers to potentially incorrect ones when asked
to reason about false statements/claims. However,
Claude still outperforms the other models in the
Top-K prompt strategy, albeit by much smaller mar-
gins. In fact, we observe that GPT, DeepSeek, and
Gemini achieve lower calibration errors with Top-
K prompts compared to the other prompts, sug-
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Figure 22: Introspective UQ per Model. Introspective UQ improves the calibration of DeepSeek and o3-Mini,
especially in the challenging dataset SimpleQA, but degrades the calibration of Claude.

gesting that explicitly reasoning about alternative
answers improves the calibration of these models
even though the accuracy remains relatively con-
stant. Lastly, Figure 26 shows that chain-of-thought
and multi-step prompting provide a slight boost
to the accuracy of o3-Mini. Overall, we reiterate
that the specialized prompt strategies seem to have
minimal effect on the calibration and accuracy of
reasoning models.
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Figure 23: Introspective UQ per Model vs. Underconfidence/Overconfidence. Through introspection, DeepSeek
and o3-Mini become less overconfident, especially with IUQ-Medium and IUQ-High, unlike Claude, which becomes
more overconfident.

Figure 24: Do specialized prompt strategies (e.g., chain-of-thought prompting) improve calibration and
accuracy? Chain-of-thought prompting and multi-step prompting do not outperform the basic prompt strategy. On
average, calibration and accuracy of reasoning models do not depend on the prompt strategy.
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Figure 25: Claude 3.7 Sonnet. Calibration and accuracy for each prompt strategy.

Figure 26: o3-Mini. Calibration and accuracy for each prompt strategy.

Figure 27: DeepSeek R1. Calibration and accuracy for each prompt strategy.
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Figure 28: Gemini 2.0 Flash-Thinking-Exp. Calibration and accuracy for each prompt strategy.
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Appendix K Introspective UQ Reasoning Trace Examples

Here, we provide some examples of the prompts, reasoning traces, and answers provided by Claude,
DeepSeek, and o3-Mini for all introspective prompts in the challenging datasets (GPQA, StrategyQA,
and SimpleQA). All models get the GPQA question wrong and are highly overconfident, demonstrating
poor calibration. On the relatively easier dataset StrategyQA, all models provide highly confident correct
responses (overconfidence is masked by high accuracy in these problems). In SimpleQA where all models
answer the question incorrectly, introspection provide better calibrated confidence estimates, especially in
the case of o3-Mini, although DeepSeek remains overconfident.

K.1 GPQA

Question and Ground-Truth Answer

Q: The Cope rearrangement is a chemical reaction where a 1,5-diene molecule undergoes rearrange-
ment, resulting in a change in the positions of its carbon-carbon double bonds. This rearrangement
can be initiated by heat or light and is valuable for creating complex organic compounds with changed
structures.

Select the major products from the following rearrangements:
1. (((3-methylbut-2-en-1-yl)oxy)methyl)benzene + (1. BuLi, 2. H+) —-> A
2. 3,4,5,7,8,9-hexamethyl-1,11-dimethylene-2,6,10,11,11a,11b-hexahydro-1H-benzo
[cd]indeno[7,1-gh]azulene + Heat —> B.

Options:
(A) A = 4-methyl-1-phenylpent-3-en-1-ol
B = 2, 3, 4, 6, 7, 8-hexamethyl-5,9,9a,10,11,11a-hexahydro-1H-benzo
[3,4]azuleno[1,8,7,6-cdef]fluorene
(B) A = (Z)-2-methyl-5-phenylpent-2-en-1-ol
B = 2, 3, 4, 6, 7, 8-hexamethyl-5,9,10,11-tetrahydro-1H-benzo
[3,4]azuleno[1,8,7,6-cdef]fluorine
(C) e A = (Z)-2-methyl-5-phenylpent-2-en-1-ol
B = 2, 3, 4, 6, 7, 8-hexamethyl-5,9,9a,10,11,11a-hexahydro-1H-benzo
[3,4]azuleno[1,8,7,6-cdef]fluorene
(D) A = 4-methyl-1-phenylpent-3-en-1-ol
B = 2, 3, 4, 6, 7, 8-hexamethyl-5,9,10,11-tetrahydro-1H-benzo
[3,4]azuleno[1,8,7,6-cdef]fluorine

A: D
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o3-Mini

First round:
Reasoning Trace:

1. For the first reaction, the starting benzyl allyl ether,
((3-methylbut-2-en-1-yl)oxy)methylbenzene, under BuLi/H+ conditions undergoes a
rearrangement that effectively “umpoled” the benzyl fragment. Analysis of the connectivity
shows that nucleophilic attack leads to a five-carbon chain where the benzyl group ends
up at one end. Distinguishing between the possible products, the structure where the new
double bond is positioned between C2–C3 (and with a methyl substituent at C2) – i.e.,
(Z)-2-methyl-5-phenylpent-2-en-1-ol – fits the mechanistic pathway and stereoelectronic
demands.

2. In the second reaction, the substrate is a highly substituted 1,11-dimethylene system undergo-
ing a Cope rearrangement upon heating. Evaluating the potential rearranged structures, the
product retaining a “hexahydro” system – specifically, 2,3,4,6,7,8-hexamethyl-5,9,9a,10,11,11a-
hexahydro-1H-benzo

[3,4]azuleno[1,8,7,6-cdef]fluorene – is the more consistent outcome given that the rearrangement
does not result in extensive dehydrogenation.

3. Comparing the options, option (C) presents the pair of products that match these conclusions:
(Z)-2-methyl-5-phenylpent-2-en-1-ol for product A and the “hexahydro” fluorene derivative for
product B.

4. Thus, the reasoning leads to the final choice of option C with high confidence.

{C, 95}

IUQ-Low:
Here’s my reasoning trace:

1. I carefully reviewed the provided explanation of the two reactions and the selection from the
answer choices. The explanation shows that the first reaction produces (Z)-2-methyl-5-phenylpent-
2-en-1-ol (product A) by the mechanism described and that the Cope rearrangement in the second
reaction leads to a hexahydro fluorene derivative (product B).

2. The explanation correctly distinguishes between the isomeric outcomes by considering stereo-
electronic requirements and the substituent pattern, which aligns with option (C).

3. The reasoning steps seem well justified, and the final answer from the first model appears
internally consistent and chemically plausible.

4. Based on this, I am highly confident that the first model’s answer is correct with 95 percent
certainty.

{rec, 95}
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o3-Mini (Continued)

IUQ-Medium:
Below is my reasoning trace and final evaluation:

1. In the first reaction the model argues that the benzyl allyl ether is “umpoled” under BuLi/H+

conditions, leading to the formation of (Z)-2-methyl-5-phenylpent-2-en-1-ol. Although the idea
of a polarity inversion is mentioned, the trace does not detail why the (Z)-isomer is favored over
a possible (E)-isomer. It also glosses over the mechanistic steps (e.g., the formation of reactive
intermediates, stereoelectronic factors, or potential competing pathways).

2. For the second reaction (the Cope rearrangement), the model simply argues that among potential
rearranged structures the one retaining a “hexahydro” framework is more consistent. Again,
the reasoning lacks expanded discussion on how subtle changes in unsaturation levels arise
from the rearrangement. It does not fully clarify why the product should not undergo further
dehydrogenation.

3. Although the final chosen option (C) agrees with the general expectations — (Z)-2-methyl-5-
phenylpent-2-en-1-ol (for A) and a hexahydro fluorene derivative (for B) — the chain-of-thought
omits several detailed mechanistic arguments that would strengthen the case for selection versus
the other close options.

In summary, while the final answer of option C is plausible given what is expected from the reactions,
the reasoning trace has weaknesses in its clarity and depth of mechanistic justification.
Based on these observations I am moderately confident in the final answer and reasoning. My final
confidence rating is: {rec, 75}.
{rec, 75}

IUQ-High:
Reasoning Trace:

1. I examined the given reasoning from the first model. It argues that for reaction A the product
should be (Z)-2-methyl-5-phenylpent-2-en-1-ol—this is attributed to a rearrangement pathway
initiated by BuLi/H+ that “umpolars” the benzyl fragment. Although a detailed mechanism was
not provided, this outcome (with the (Z) configuration) is in line with a typical allyl rearrangement
producing an allylic alcohol.

2. For reaction B the model argued that the Cope rearrangement of a highly substituted dienic
system produces a product that preserves a hexahydro framework, leading to a structure matching
2,3,4,6,7,8-hexamethyl-5,9,9a,10,11,11a-hexahydro-1H-benzo

[3,4]azuleno[1,8,7,6-cdef]fluorene.

3. Comparing these two outcomes with the provided multiple-choice options, option (C) exactly
matches: A is (Z)-2-methyl-5-phenylpent-2-en-1-ol and B is the “hexahydro” fluorene derivative.

4. While the explanation does not detail every mechanistic nuance and leaves some mechanistic
assumptions implicit, the overall conclusion appears plausible and consistent with the reaction
conditions and structural outcomes described.

5. Thus, my assessment is that the first model’s answer is reasonably substantiated.

{rec, 80}
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Claude

First round: I need to determine the products of two different reactions.
For the first reaction:

(((3-methylbut-2-en-1-yl)oxy)methyl)benzene +
(

1. BuLi
2. H+

)
−→ A

This involves a [2,3]-Wittig rearrangement. Let’s analyze the starting material:

• It’s a benzyl ether of 3-methylbut-2-en-1-ol

• Structure: Ph-CH2-O-CH2-C(CH3)=CH-CH3

The mechanism:

1. BuLi deprotonates the benzylic position, creating a carbanion

2. This carbanion undergoes a [2,3]-sigmatropic rearrangement, forming a new C-C bond with the
γ-carbon of the allylic system

3. The hydroxyl group forms at the original benzylic position

4. H+ workup gives the final product

The product is: Ph-CH(OH)-CH2-C(CH3)=CH-CH3, which is 4-methyl-1-phenylpent-3-en-1-ol.
For the second reaction (Cope rearrangement):

• Cope rearrangements are [3,3]-sigmatropic rearrangements of 1,5-dienes

• They preserve the degree of unsaturation (number of double bonds)

• The starting material has “hexahydro” in its name

• After rearrangement, the product should also have “hexahydro” (not “tetrahydro”)

Looking at the options, only (A) matches both criteria:

• Product A is 4-methyl-1-phenylpent-3-en-1-ol

• Product B maintains the “hexahydro” descriptor

{A, 90}
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Claude (Continued)

IUQ-Low:
I’ll evaluate the first model’s reasoning and provide my confidence in their answer.
For the first reaction involving (((3-methylbut-2-en-1-yl)oxy)methyl)benzene:

• The model correctly identified this as a [2,3]-Wittig rearrangement, which is appropriate when a
benzyl ether with an allylic system is treated with BuLi.

• The mechanistic explanation is accurate: BuLi deprotonates at the benzylic position, followed by
sigmatropic rearrangement where the carbanion attacks the γ-carbon of the allylic system.

• The product structure Ph-CH(OH)-CH2-C(CH3)=CH-CH3 corresponds to 4-methyl-1-phenylpent-
3-en-1-ol, which appears in options A and D.

For the second reaction (Cope rearrangement):

• The model correctly identified key principles of Cope rearrangements (they’re [3,3]-sigmatropic
rearrangements that preserve the degree of unsaturation).

• The crucial observation about preserving the “hexahydro” descriptor is chemically sound.

• Only options A and C maintain the “hexahydro” descriptor in product B.

When combining these analyses:

• Product A (4-methyl-1-phenylpent-3-en-1-ol) appears in options A and D.

• Product B with “hexahydro” descriptor appears in options A and C.

• Therefore, only option A satisfies both requirements.

The model’s reasoning is thorough and chemically accurate for both reactions. The analysis properly
applies organic chemistry principles to identify the correct products.
{rec, 95}
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Claude (Continued)

IUQ-Medium:
To evaluate the first model’s reasoning and confidence, I’ll analyze each part of the solution.

First reaction: (((3-methylbut-2-en-1-yl)oxy)methyl)benzene + (1. BuLi, 2. H+) −→ A
The model correctly:

• Identified this as a [2,3]-Wittig rearrangement,

• Recognized that BuLi deprotonates the benzylic position (most acidic),

• Understood the sigmatropic rearrangement mechanism,

• Determined the correct structure of the product (4-methyl-1-phenylpent-3-en-1-ol).

The mechanism and product determination are chemically sound. The benzyl ether starting material
undergoes the expected rearrangement to form the alcohol with the correct connectivity.

Second reaction: Complex polycyclic compound + Heat −→ B
The model correctly:

• Identified this as a Cope rearrangement ([3,3]-sigmatropic),

• Applied the key principle that Cope rearrangements preserve the degree of unsaturation,

• Used the “hexahydro” descriptor to distinguish between possible products,

• Selected the product that maintained the same hydrogenation state.

This reasoning is correct — a thermal Cope rearrangement would preserve the number of hydrogen
atoms, so the “hexahydro” descriptor should be maintained in the product.
The model also correctly noted that the product should be a “fluorene” derivative (not “fluorine” as
appears in options B and D, which is likely a typo).

Overall, the model’s reasoning is thorough and chemically accurate. I don’t detect any significant
flaws in the analysis, and the selection of option A is well-justified based on both reactions.
{rec, 95}
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Claude (Continued)

IUQ-High:
I need to evaluate the first model’s reasoning for both reactions to determine my confidence in their
answer.
First Reaction Analysis:
The model correctly identifies this as a [2,3]-Wittig rearrangement with:

• Starting material: (((3-methylbut-2-en-1-yl)oxy)methyl)benzene (Ph-CH2-O-CH2-C(CH3)=CH-
CH3)

• BuLi deprotonates the benzylic position

2,3 -sigmatropic rearrangement occurs

• Final product: Ph-CH(OH)-CH2-C(CH3)=CH-CH3

(4-methyl-1-phenylpent-3-en-1-ol)

This is mechanistically sound. The carbanion formed at the benzylic position rearranges to form a new
C-C bond at the γ-carbon of the allylic system, with the oxygen ending up as a hydroxyl group. This
produces 4-methyl-1-phenylpent-3-en-1-ol, not the (Z)-2-methyl-5-phenylpent-2-en-1-ol structure.
Second Reaction Analysis:
The model correctly identifies:

• Cope rearrangement is a [3,3]-sigmatropic rearrangement

• It preserves the degree of unsaturation

• The starting material has “hexahydro” in its name, meaning it has 6 hydrogen atoms adding to
the basic structure

The model rightly concludes that the product should maintain the “hexahydro” descriptor rather than
changing to “tetrahydro,” which would indicate a change in unsaturation.

Looking at the options, only (A) and (C) have “hexahydro” in product B. Since product A in option
(A) matches our expected 4-methyl-1-phenylpent-3-en-1-ol, option (A) is correct.

The reasoning is chemically sound and follows established principles of organic chemistry reactions. I
see no significant flaws in the analysis.
{rec, 95}
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DeepSeek

First round: The first reaction involves (((3-methylbut-2-en-1-yl)oxy)methyl)
benzene treated with BuLi followed by H+. BuLi, a strong base, deprotonates the allylic position α to
the oxygen in the 3-methylbut-2-en-1-yl group, forming an anion. This anion undergoes a [2,3]-Wittig
rearrangement, resulting in a sigmatropic shift that forms a new carbon-carbon bond. After protonation
with H+, the product is 4-methyl-1-phenylpent-3-en-1-ol (Ph-CH(OH)-CH2-CH=C(CH3)2). The
double bond in this product is trisubstituted with no stereoisomers due to the gem-dimethyl group, so
no (Z) or (E) designation is needed.
For the second reaction, 3,4,5,7,8,9-hexamethyl-1,11-dimethylene
-2,6,10,11,11a,11b-hexahydro-1H-benzo[cd]indeno[7,1-gh]azulene undergoes a thermal Cope rear-
rangement upon heating. The Cope rearrangement is a [3,3]-sigmatropic shift that rearranges the
1,5-diene system, shifting the double bonds and changing the ring connectivity without altering the
saturation level. The product is 2,3,4,6,7,8-hexamethyl-5,9,9a,10,11,11a-hexahydro-1H-benzo
[3,4]azuleno[1,8,7,6-cdef]fluorene. The “hexahydro” designation is consistent with the starting
material, as the Cope rearrangement does not change the degree of unsaturation.
Comparing the options:

• Option (A) matches both products: A is 4-methyl-1-phenylpent-3-en-1-ol and B is the hexahydro
compound.

• Option (B) has A as the (Z)-2-methyl-5-phenylpent-2-en-1-ol, which is incorrect for the first
reaction, and B as a tetrahydro compound, which is inconsistent with the Cope rearrangement.

• Option (C) has A as the (Z)-2-methyl-5-phenylpent-2-en-1-ol, which is incorrect, though B is the
correct hexahydro compound.

• Option (D) has A as 4-methyl-1-phenylpent-3-en-1-ol, which is correct, but B as a tetrahydro
compound, which is incorrect.

Thus, only option (A) correctly identifies both products. Confidence is high due to the mechanistic
clarity of the [2,3]-Wittig and Cope rearrangements.

{A, 95}
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IUQ-Low:
After reviewing the reasoning trace provided by the first model, I have evaluated its validity based on
the mechanisms described for both reactions. Here is my reasoning:
1. First Reaction ([2,3]-Wittig Rearrangement):

• The starting material, (((3-methylbut-2-en-1-yl)oxy)methyl)benzene, is Ph-CH2-O-CH2-
CH=C(CH3)2.

• BuLi deprotonates the benzylic position (Ph-CH2-O-), forming an anion at the benzylic carbon.
This is chemically sound, as benzylic protons are acidic.

• The [2,3]-Wittig rearrangement involves a sigmatropic shift where the benzylic carbon bonds to
the γ-carbon of the allyl system (the =C(CH3)2 group), yielding Ph-CH(OH)-CH2-CH=C(CH3)2
after protonation.

• The product, 4-methyl-1-phenylpent-3-en-1-ol, matches the structure and lacks stereoisomers
due to the trisubstituted double bond with gem-dimethyl groups. This aligns with option (A) for
product A and is consistent with established organic chemistry mechanisms.

2. Second Reaction (Cope Rearrangement):

• The starting material, 3,4,5,7,8,9-hexamethyl-1,11-dimethylene

-2,6,10,11,11a,11b-hexahydro-1H-benzo[cd]indeno[7,1-gh]azulene, contains a 1,5-diene system
(evident from “dimethylene” and “hexahydro”).

• Thermal Cope rearrangement is a [3,3]-sigmatropic shift that rearranges the diene without
changing the degree of unsaturation. The product should retain the “hexahydro” designation,
indicating no change in saturation.

• The first model correctly identifies that the product, 2,3,4,6,7,8-hexamethyl-5,9,9a,10,11,11a-
hexahydro-1H-benzo

[3,4]azuleno[1,8,7,6-cdef]fluorene, maintains the hexahydro state. Options with “tetrahydro” (B
and D) are invalid, as they imply incorrect saturation levels.

3. Option Comparison:

• Only option (A) correctly lists both products: A as 4-methyl-1-phenylpent-3-en-1-ol (validated
by the Wittig mechanism) and B as the hexahydro compound (validated by Cope rearrangement
principles).

• Options (B), (C), and (D) all fail due to mismatches: (B) and (C) have incorrect stereochem-
istry/structure for A, while (B) and (D) have incorrect saturation for B.
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4. Confidence Assessment:

• The first model’s reasoning is mechanistically accurate, relying on well-established reactions
([2,3]-Wittig and Cope rearrangements). The logic for product identification and option elimina-
tion is robust.

• Minor uncertainties could arise from the complexity of the polycyclic system in the second
reaction, but the core principle—unchanged saturation—is unequivocal and strongly supports the
hexahydro product.

• The first model’s confidence of 95 is justified. I concur with this assessment, as the reasoning
leaves little room for error. My confidence in the validity of the first model’s answer is thus high.

{rec, 95}
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IUQ-Medium:
After reviewing the reasoning trace and answer from the first model, I find no significant flaws in the
logic or conclusions. Below is my step-by-step evaluation:

Reasoning Trace Evaluation:
1. First Reaction ([2,3]-Wittig Rearrangement):

• The substrate is benzyl (3-methylbut-2-en-1-yl) ether: Ph-CH2-O-CH2-CH=C(CH3)2.

• BuLi deprotonates the allylic position (alpha to oxygen) in the 3-methylbut-2-en-1-yl group,
forming an anion at −O-CH−-CH=C(CH3)2. This is valid, as allylic protons adjacent to oxygen
are highly acidic (pKa ∼ 30–35), making them susceptible to strong bases like BuLi.

• The [2,3]-Wittig rearrangement proceeds as a concerted sigmatropic shift, migrating the benzyl
group (PhCH2-) to the anionic carbon and forming a new C-C bond. The product after protonation
is Ph-CH(OH)-CH2-CH=C(CH3)2.

• The product is correctly identified as 4-methyl-1-phenylpent-3-en-1-ol. The double bond is
trisubstituted (CH=C(CH3)2), with no stereoisomers possible due to the gem-dimethyl group (no
E/Z designation needed). The naming is standard: the parent chain is pentene (C1 phenyl-attached,
C2–C3 double bond, C4 methyl-substituted).

• The model correctly dismisses options with (Z)-2-methyl-5-phenylpent

-2-en-1-ol (e.g., options B and C), as this structure (Ph-CH2-CH2-C(CH3)=CH-OH) does not
match the rearrangement product.

2. Second Reaction (Cope Rearrangement):

• The starting material, 3,4,5,7,8,9-hexamethyl-1,11-dimethylene

-2,6,10,11,11a,11b-hexahydro-1H-benzo[cd]indeno[7,1-gh]azulene, contains a 1,5-diene system
(the two methylene groups form part of this).

• Thermal Cope rearrangement is a [3,3]-sigmatropic shift that rearranges the 1,5-diene without
changing the degree of unsaturation (no loss/gain of pi bonds or saturation).

• The product, 2,3,4,6,7,8-hexamethyl-5,9,9a,10,11,11a-hexahydro-1H-benzo

[3,4]azuleno[1,8,7,6-cdef]fluorene, retains the “hexahydro” designation, consistent with un-
changed saturation. This is correct.

• Options with “tetrahydro” for B (e.g., options B and D) are invalid, as they imply increased
unsaturation, which contradicts Cope rearrangement mechanics.

3. Option Matching:

• Only option (A) correctly pairs:

– A: 4-methyl-1-phenylpent-3-en-1-ol (valid Wittig product).
– B: Hexahydro compound (valid Cope product).

• Other options fail due to mismatched A or B (e.g., B and D have incorrect tetrahydro B; B and C
have incorrect A).
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Potential Flaws Considered and Dismissed:

• Deprotonation site: The allylic proton in O-CH2-CH=C(CH3)2 is more acidic (due to oxygen +
allylic stabilization) than benzyl protons in Ph-CH2-O-. No competitive deprotonation expected.

• Stereochemistry: The alcohol carbon in A (Ph-CH(OH)-) is chiral, but the [2,3]-Wittig produces
a racemic mixture. The question asks for “major products,” and options omit stereodescriptors,
so this is acceptable.

• Naming accuracy: 4-methyl-1-phenylpent-3-en-1-ol is standard for Ph-CH(OH)-CH2-
CH=C(CH3)2. The hexahydro designation for B is consistent with unchanged unsaturation.

• Cope specificity: The complex polycycle was assessed correctly — the 1,5-diene system under-
goes [3,3]-shift without ring strain issues.

Confidence Assessment:
The model’s reasoning is mechanistically sound, with no logical gaps or chemical inaccuracies. The
answer (A) is correct. The model’s confidence of 95% is justified due to:

• High reliability of [2,3]-Wittig and Cope rearrangements in organic chemistry.

• Precise matching of saturation levels and structures in options.

My confidence in the validity of the model’s answer is 95%.
{rec, 95}

IUQ-High: After reviewing the reasoning trace provided by the first model, I have identified both
strengths and flaws in its analysis. Below is my step-by-step evaluation:
Evaluation of Reasoning Flaws:
1. First Reaction (Product A):

• Claim: The model states that BuLi deprotonates the allylic position alpha to the oxygen in the
3-methylbut-2-en-1-yl group, leading to a [2,3]-Wittig rearrangement, resulting in 4-methyl-1-
phenylpent-3-en-1-ol.

• Flaw: The deprotonation site is incorrect. The benzylic position (Ph-CH2-) is more acidic than
the allylic position due to stabilization by the phenyl ring and oxygen. BuLi deprotonates the

benzylic hydrogen, forming an anion at Ph-
−
CH-O-CH2-CH=C(CH3)2. This benzylic anion then

undergoes the [2,3]-Wittig rearrangement, not the allylic anion.

• Impact: Despite the flawed mechanistic explanation, the final product (4-methyl-1-phenylpent-
3-en-1-ol) is correct. The double bond in this product (Ph-CH(OH)-CH2-CH=C(CH3)2) is
trisubstituted and lacks stereoisomers due to the gem-dimethyl group, so the assignment matches
option (A) or (D). The error does not affect the product identity.
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2. Second Reaction (Product B):

• Claim: The model asserts that the thermal Cope rearrangement of the hexahydro starting material
yields a hexahydro product, as the reaction preserves the degree of unsaturation.

• Flaw: No major flaw here. The Cope rearrangement is indeed a [3,3]-sigmatropic shift that
rearranges the 1,5-diene without changing saturation. The “hexahydro” designation must be
retained, so the tetrahydro options (B) and (D) are invalid.

• Strength: The model correctly rejects options with a tetrahydro product and identifies the
hexahydro structure in (A) and (C).

3. Option Comparison:

• The model correctly matches:

– Product A: 4-methyl-1-phenylpent-3-en-1-ol (excludes (B) and (C), which have a (Z)-
isomer).

– Product B: Hexahydro compound (excludes (B) and (D), which are tetrahydro).

• Flaw: The model dismisses the (Z)-isomer in options (B) and (C) for A, but this is valid since
the actual product has no stereoisomers. No error here.

Overall Assessment:

• Correctness of Answer: The model’s final choice (A) is correct. Product A is 4-methyl-1-
phenylpent-3-en-1-ol (not the (Z)-isomer), and Product B is the hexahydro compound.

• Impact of Flaws: The mechanistic error in the first reaction (deprotonation site) does not alter
the product outcome. The reasoning for the Cope rearrangement is sound.

• Residual Uncertainty: The complex polycyclic structure in B makes absolute verification
challenging without visual aids, but the saturation argument is robust. The product names in the
options align with standard naming conventions, supporting the model’s conclusion.

Confidence in the Model’s Answer:
I am highly confident that the model’s answer (A) is correct, despite the minor flaw in mechanistic
reasoning. The product assignments are unambiguous when cross-referenced with organic chemistry
principles and the given options. I assign a confidence of 90% (allowing a 10% margin for unforeseen
complexities in the polycyclic system).
{rec, 90}

K.2 StrategyQA

Question and Ground-Truth Answer

Q: Is Sirius part of a constellation of an animal?
A: True
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First round: To answer this question, I need to identify which constellation Sirius belongs to and
determine if that constellation represents an animal.
Sirius is the brightest star in the night sky and is located in the constellation Canis Major.
“Canis Major” translates to “Greater Dog” in Latin. This constellation represents a dog, which is an
animal.
Since Sirius is part of Canis Major, and Canis Major depicts a dog (an animal), Sirius is indeed part of
a constellation that represents an animal.
{True, 95}

Claude (Continued)

IUQ-Low:
I need to evaluate whether Sirius is indeed part of a constellation that represents an animal.
Looking at the first model’s reasoning:

1. It correctly identifies that Sirius is located in the constellation Canis Major.

2. It accurately notes that Canis Major translates to “Greater Dog” in Latin.

3. It correctly recognizes that a dog is an animal.

These are all factually accurate statements. Sirius is definitely the brightest star in the night sky
(excluding our Sun), and it is indeed located in Canis Major, which represents a dog. Since dogs are
undeniably animals, the conclusion that Sirius is part of a constellation that represents an animal is
correct.
The reasoning is straightforward, based on established astronomical knowledge, and doesn’t contain
any errors or questionable assumptions. The model’s high confidence of 95% is appropriate given the
certainty of these astronomical facts.
{rec, 95}

IUQ-Medium:
I need to evaluate whether Sirius is indeed part of a constellation representing an animal.
Examining the reasoning:

1. The model correctly identifies that Sirius is in the constellation Canis Major.

2. It accurately translates “Canis Major” as “Greater Dog” in Latin.

3. It correctly recognizes that a dog is an animal.

4. The logical conclusion follows: Sirius is part of a constellation representing an animal.

This is astronomically accurate information. Sirius is the brightest star in the night sky and is indeed the
alpha star of Canis Major, which represents a dog in traditional astronomy. Dogs are unquestionably
animals.
The reasoning is straightforward and contains no errors or misconceptions. The model’s confidence
of 95% is appropriate—this is a well-established astronomical fact with minimal room for interpre-
tation, though the slight uncertainty could account for potential cultural variations in constellation
interpretation.
{rec, 95}
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IUQ-High:
I need to assess whether Sirius is indeed part of a constellation representing an animal.
The reasoning provided states:

1. Sirius is located in the constellation Canis Major.

2. Canis Major translates to “Greater Dog” in Latin.

3. A dog is an animal.

4. Therefore, Sirius is part of a constellation representing an animal.

This reasoning is completely accurate. Sirius is indeed the brightest star in the night sky and is
definitively located in the constellation Canis Major. The name “Canis Major” does translate to
“Greater Dog,” and a dog is undoubtedly an animal.
The reasoning follows a clear logical path with correct astronomical facts. There are no errors or
misrepresentations in the provided explanation.
{rec, 100}
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First round: Reasoning Trace:

• Sirius is the brightest star in the night sky and is commonly known as the “Dog Star.”

• It is located within the constellation Canis Major, which translates to “Greater Dog” in Latin.

• Canis Major is one of the 88 modern constellations and is depicted as a dog, specifically represent-
ing one of Orion’s hunting dogs in Greek mythology.

• Since Canis Major is explicitly an animal-themed constellation (a dog), and Sirius is a part of it,
the statement “Sirius is part of a constellation of an animal” is true.

• This is a well-established fact in astronomy, with no ambiguity or conflicting interpretations.

{True, 95}

IUQ-Low:
After reviewing the first model’s reasoning trace and answer, I find the logic to be sound and well-
supported by established astronomical knowledge. The key points are:

• Sirius is unambiguously part of the Canis Major constellation.

• Canis Major is definitively recognized as representing a “Greater Dog” across cultural, historical,
and scientific contexts (e.g., Greek mythology, IAU designations).

• Dogs are animals, making the constellation explicitly animal-themed.

• There are no contradictions, edge cases, or ambiguities in the facts presented.

The first model’s confidence of 95% is reasonable but slightly conservative given the absolute nature
of the evidence. The only minor uncertainty might stem from the theoretical possibility of alternative
interpretations of constellations, but this is negligible in practice. Therefore, my confidence in the
validity of the first model’s answer (True) is 100%.
{rec, 100}
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IUQ-Medium:

• I have reviewed the reasoning trace provided by the first model for the question: “Is Sirius part of
a constellation of an animal?”

• The first model’s reasoning correctly identifies that Sirius is known as the “Dog Star” and is part
of the constellation Canis Major, which translates to “Greater Dog” and is depicted as a dog in
Greek mythology.

• The steps are factually accurate based on common astronomical knowledge: Canis Major is
indeed one of the 88 modern constellations and is unambiguously animal-themed (representing a
dog), and Sirius is a key star within it.

• The conclusion that the statement is true logically follows from these premises, as Sirius being
part of an animal-themed constellation directly answers the question.

• I have considered potential flaws, such as:

– Whether constellations, being human constructs based on mythology, might not strictly
qualify as “of an animal” in a scientific sense. However, the question is interpreted in the
context of standard astronomical naming and depiction, where Canis Major is consistently
recognized as an animal constellation. This does not invalidate the reasoning.

– The possibility of cultural or interpretive ambiguities (e.g., in non-Western astronomy). How-
ever, the reasoning relies on widely accepted Western conventions, which are appropriate
for this context.

• The first model’s confidence of 95% is reasonable, as it acknowledges minor uncertainties (e.g.,
the subjective nature of constellation mythology), but these do not undermine the core validity of
the answer.

• No significant flaws are found; the reasoning is coherent, well-supported, and aligns with
established facts. The high confidence level (95%) is justified given the clarity of the information.

• Therefore, I have high confidence in the validity of the first model’s answer.

{rec, 95}
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IUQ-High:

• I have reviewed the reasoning trace provided by the first model for the question: “Is Sirius part of
a constellation of an animal?”

• The first model correctly identifies that Sirius is known as the “Dog Star” and is part of the con-
stellation Canis Major, which translates to “Greater Dog.” This is accurate based on astronomical
knowledge.

• Canis Major is indeed one of the 88 modern constellations and is depicted as a dog, specifically
linked to Orion’s hunting dogs in Greek mythology. This supports the idea that it is an animal-
themed constellation.

• The conclusion that Sirius is part of a constellation of an animal (a dog) is factually sound,
as constellations are defined by cultural and mythological representations, and Canis Major is
unambiguously animal-related.

• I have identified no flaws in the reasoning trace. The logic is coherent, well-supported by
established facts, and there are no ambiguities or errors. For instance:

– There is no confusion about the definition of “constellation”; it is correctly treated as a
human-defined asterism representing a figure.

– Sirius’s physical distance from other stars in Canis Major does not affect its classification
within the constellation’s boundaries.

– The claim that this is a “well-established fact in astronomy” is valid, as sources like the Inter-
national Astronomical Union confirm Canis Major’s representation and Sirius’s inclusion.

• Since the reasoning is flawless and the answer (implied as true) aligns with reality, I have high
confidence in the first model’s response. The first model did not output -100, so I must provide
my confidence as {rec, Y}.

{rec, 100}
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First round: Reasoning Trace: Sirius is known as the Dog Star and is one of the brightest stars in the
constellation Canis Major, which represents a dog–an animal. Since the question asks if Sirius is part
of a constellation of an animal, the answer is True.
{True, 100}

IUQ-Low:
Brief reasoning: The first model correctly noted that Sirius is part of Canis Major, the “Dog” constel-
lation, which clearly represents an animal. After verifying that Canis Major is indeed recognized as a
canine constellation and that Sirius is famously known as the Dog Star, I am fully confident that the
first model’s answer is correct.
{rec, 100}

IUQ-Medium:
Step-by-Step Reasoning:

1. The original reasoning correctly identifies Sirius as the Dog Star, which is part of the constellation
Canis Major.

2. Canis Major (Latin for “greater dog”) clearly represents an animal—a dog.

3. Since the question asks if Sirius is part of a constellation of an animal, the fact that it’s in Canis
Major confirms that the answer is True.

4. The answer provided by the first model was {True, 100}, which is correct based on the astronom-
ical facts used and definitions of the constellations.

Based on this, I am 100 percent confident in the validity of the first model’s answer.
{rec, 100}

IUQ-High:
Reasoning Summary:

1. Sirius is known as the Dog Star and is located in the constellation Canis Major.

2. Canis Major represents a dog, which is an animal.

3. Since the question asks if Sirius is part of a constellation of an animal, the answer is indeed
correct.

4. Based on these points, I am 100% confident in the correctness of the model’s answer.

{rec, 100}

K.3 SimpleQA

Question and Ground-Truth Answer

Q: In which month and year did Khusro Bakhtiar (former Federal Minister for Planning, Development,
and Reforms, Pakistan) announce that the government was considering establishing a Pak-China
business council to promote the private sector’s role in the China-Pakistan Economic Corridor (CPEC)?
A: June 2019
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First round:
I need to determine when Khusro Bakhtiar made this specific announcement about a Pak–China
business council for CPEC private sector involvement.
Thinking through what I know:

• Khusro Bakhtiar served as Pakistan’s Minister for Planning, Development and Reforms.

• CPEC is a major economic corridor project between Pakistan and China that began around 2013.

• There was increased focus on expanding private sector involvement in CPEC around 2018–2019.

• Several announcements about enhancing CPEC cooperation happened during this period.

Based on the timeline of CPEC development and ministerial statements, I believe this announcement
was likely made in the first half of 2019, when there was significant discussion about expanding
CPEC’s scope and bringing in more private sector participation.
{March 2019, 40}

Claude (Continued)

IUQ-Low:
I need to evaluate the confidence in the model’s answer of {March 2019, 40}.
First, let me analyze the reasoning provided:

• The model correctly identifies Khusro Bakhtiar’s position and the CPEC project.

• It notes increased focus on private sector involvement in CPEC during 2018–2019.

• It concludes the announcement was likely in early 2019, specifically March.

However, I notice significant weaknesses:

• The model provides no specific evidence for why March 2019 in particular.

• There’s no mention of specific meetings, press conferences, or news reports.

• No direct quotes or contextual details are provided.

• The model itself expresses low confidence (40%).

• The reasoning is general rather than specific to this announcement.

The reasoning process shows logical thinking but lacks the concrete evidence that would be necessary to
pinpoint the exact month and year with confidence. The model appears to be making an educated guess
based on general CPEC timeline knowledge rather than specific information about this announcement.
Given these limitations in the supporting evidence and the model’s own low confidence, I cannot
assign high confidence to this answer.
{rec, 30}
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IUQ-Medium:
I need to evaluate the validity of the claim that Khusro Bakhtiar made this announcement in March
2019.
Looking at the first model’s reasoning:

1. The model correctly identifies Khusro Bakhtiar’s position and the CPEC initiative.

2. It correctly notes increased private sector focus around 2018–2019.

3. However, the reasoning lacks any specific evidence for why March 2019 in particular was the
date of this announcement.

4. The model doesn’t cite any specific events, news articles, or official statements.

5. The reasoning appears to be an educated guess based on general timeline knowledge rather than
specific recall of the announcement.

6. The model’s own confidence is quite low at 40%, indicating significant uncertainty.

The answer seems plausible since Bakhtiar was indeed Minister during this period and there was
increased CPEC activity in early 2019. However, without specific evidence pointing to March 2019 as
the exact month when this particular business council announcement was made, I cannot have high
confidence in this precise date.
The first model is essentially making an informed estimation rather than demonstrating certain
knowledge of the specific announcement.
{rec, 25}

Claude (Continued)

IUQ-High:
I need to assess the validity of the first model’s answer about when Khusro Bakhtiar announced the
potential establishment of a Pak–China business council for CPEC.
Issues with the model’s reasoning:

1. The model doesn’t provide a specific month and year in its answer, only vaguely suggesting “first
half of 2019.”

2. No specific sources or evidence are cited to support this timeframe.

3. The reasoning is based on general knowledge about CPEC’s timeline rather than specific infor-
mation about this particular announcement.

4. The model failed to provide an answer in the required {X, Y} format with a specific date and
confidence level.

The model appears to be making an educated guess based on the general context of CPEC development
rather than recalling the specific date of this announcement. Without a precise month and year being
stated, and without any supporting evidence for even the “first half of 2019” estimation, I cannot
validate the model’s conclusion.
Most importantly, the model did not provide a final answer in the required format, which indicates it
was unable to answer the question properly.
{rec, 10}

3454



DeepSeek

First round: Khusro Bakhtiar announced the government’s consideration of establishing a Pak–China
business council during the 8th Joint Cooperation Committee (JCC) meeting on CPEC. This meeting
occurred in December 2018.
textbfReasoning trace:

1. Khusro Bakhtiar served as Pakistan’s Federal Minister for Planning, Development, and Reforms
from August 2018 to April 2019.

2. The 8th JCC meeting—a key CPEC decision-making forum—was held in Islamabad on December
20, 2018.

3. Bakhtiar chaired this meeting and publicly stated the need for private-sector involvement via a
dedicated business council, as reported by official Pakistani and Chinese sources.

4. No earlier or later announcements align with this specific context during Bakhtiar’s tenure.

Confidence: 95%
Minor uncertainty exists due to potential informal discussions, but official records confirm the Decem-
ber 2018 JCC meeting as the definitive announcement platform.
{December 2018, 95}

DeepSeek (Continued)

IUQ-Low:After reviewing the first model’s reasoning trace and answer, I find its argumentation highly
credible and well-supported. Here’s my evaluation:
Reasoning trace:

1. Tenure alignment: Bakhtiar’s ministerial term (Aug 2018–Apr 2019) perfectly contains the
December 2018 date, eliminating chronological conflicts.

2. Event specificity: The 8th JCC meeting (Dec 20, 2018) is explicitly documented as CPEC’s
primary decision-making forum, making it the logical platform for such an announcement.

3. Source reliability: References to official Pakistani/Chinese sources and Bakhtiar’s chairmanship
of the meeting establish authoritative provenance.

4. Exclusion of alternatives: The assertion that no competing announcements occurred during
Bakhtiar’s tenure demonstrates thorough contextual analysis.

5. Uncertainty calibration: The 5% uncertainty allowance for informal discussions shows appro-
priate epistemic humility without undermining core evidence.

The structured reasoning, precise date citation, and strategic use of ministerial timelines collectively
validate the conclusion. While historical records occasionally contain ambiguities, the specificity of
the JCC meeting and absence of counter-evidence justify the original 95% confidence.

Confidence: 95%
The original model’s confidence level accurately reflects the strength of evidence and contextual
analysis. No substantive grounds exist to downgrade this assessment.
{rec, 95}
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IUQ-Medium: After reviewing the reasoning trace and answer from the first model, I have identified
potential flaws in the reasoning process. Below is my reasoning trace, followed by my confidence
assessment.
Reasoning Trace for Evaluation:

1. Contextual Accuracy:
The first model correctly identifies Khusro Bakhtiar’s tenure (August 2018–April 2019) and the
8th JCC meeting (December 20, 2018) as the platform for the announcement. This aligns with
known timelines for CPEC events, reducing the risk of major factual errors.
However, the model relies on “official Pakistani and Chinese sources” without citing specific
references (e.g., government press releases, news archives, or JCC minutes). This lack of
verifiable sourcing introduces uncertainty, as independent confirmation is impossible without
access to these materials.

2. Overstated Exclusivity:
The model claims “no earlier or later announcements align with this specific context during
Bakhtiar’s tenure.” While the 8th JCC is a plausible primary venue, this assertion is absolute
and unsupported by evidence. Announcements could have occurred through other channels
(e.g., press conferences, policy documents, or informal statements) that the model may not have
accounted for. This overconfidence in the JCC as the “definitive” platform is a flaw.

3. Confidence Calibration:
The model assigns 95% confidence but acknowledges “minor uncertainty due to potential in-
formal discussions.” Given the lack of cited sources and the possibility of unrecorded events,
this uncertainty warrants a larger confidence reduction than the model applied. High-stakes
historical/political claims typically require robust sourcing for >90% confidence.

4. Overall Plausibility:
Despite the flaws, the core logic (tying the announcement to the 8th JCC) is coherent. The JCC
is CPEC’s primary decision-making body, and Bakhtiar’s role as chair makes December 2018
highly plausible. No contradictory evidence is presented, so the answer remains likely correct.

Confidence Assessment:

• Strengths: Specific dates, alignment with Bakhtiar’s tenure, and JCC relevance.

• Weaknesses: Unsourced claims and overstated exclusivity.

• Conclusion: The answer is probably correct, but the reasoning flaws justify reducing confidence
from 95% to 90%. This reflects high likelihood with moderate reservation about sourcing rigor.

{rec, 90}
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DeepSeek (Continued)

IUQ-High:
After reviewing the reasoning trace, I find no substantive flaws. The evidence is logically structured
and aligns with verified historical records:
Evaluation of Reasoning Trace:

1. Tenure Accuracy: Correctly identifies Bakhtiar’s term (Aug 2018–Apr 2019).

2. Event Specificity: The 8th JCC meeting was indeed held on December 20, 2018, in Islamabad.

3. Announcement Source: Relies on official reports (e.g., Pakistani Ministry of Planning releases
and China’s NDRC statements) confirming Bakhtiar proposed the council at this meeting.

4. Contextual Gap Analysis: Appropriately notes no competing announcements during Bakhtiar’s
tenure.

5. Uncertainty Handling: The 5% uncertainty margin for informal discussions is reasonable but
does not undermine the primary claim.

Confidence Assessment:
The trace demonstrates rigorous sourcing, temporal alignment, and contextual awareness. Official
records definitively anchor the announcement to the December 2018 JCC meeting. My confidence in
the original answer’s validity is 95%, matching the first model’s self-assessment.
{rec, 95}
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o3-Mini

First round:
Reasoning Trace: I recalled that Khusro Bakhtiar’s announcement regarding a Pak–China business
council to further the role of the private sector in CPEC was reported in news items around the
mid-2016 period, and recalling details from memory I associated this with the month of June 2016.
{June 2016, 70}

IUQ-Low:
I considered the answer “June 2016” and its reasoning, noting that it was recalled from memory
rather than verified against a reliable source or detailed evidence. Given the uncertainty about the
precise announcement date and relying solely on recollection (“mid-2016” linked to June 2016), I
have relatively low confidence in the first model’s answer. This led me to assign a confidence value of
30%.
(Note: The reasoning above is a concise summary of my internal process.)
{rec, 30}

IUQ-Medium:
Below is my reasoning trace and conclusion:

1. The first model’s reasoning is based solely on recalling “memory” of news reports and the vague
notion of a “mid-2016 period” without providing any source, context, or evidence for pinpointing
June 2016.

2. The chain-of-thought does not include a clear justification for why June 2016 is chosen over any
other month, which leaves the reasoning very weak.

3. The answer appears to be a guess rather than a factually verified claim. Without supporting details
or cross-checking, the answer has a high risk of being incorrect.

Given these major flaws in the reasoning process, I remain very uncertain about the validity of the first
model’s answer.
{rec, 20}

IUQ-High:
Below is my reasoning trace and final conclusion:

1. I reviewed the first model’s response, which asserted that Khusro Bakhtiar made the announce-
ment in “June 2016” based on memory and association with mid-2016 events.

2. The provided trace does not include any verifiable evidence (such as cited news reports or archival
details) but relies on recollection.

3. Without additional evidence or cross-checks, the exact date (month and year) is uncertain.

4. Thus, while “June 2016” may be plausible, I remain only moderately confident in this answer.

{rec, 40}
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