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Abstract

Prior work has shown that presupposition in
generated questions can introduce unverified as-
sumptions, leading to inconsistencies in claim
verification. Additionally, prompt sensitivity re-
mains a significant challenge for large language
models (LLMs), resulting in performance vari-
ance as high as 3-6%. While recent advance-
ments have reduced this gap, our study demon-
strates that prompt sensitivity remains a per-
sistent issue. To address this, we propose a
structured and robust claim verification frame-
work that reasons through presupposition-free,
decomposed questions. Extensive experiments
across multiple prompts, datasets, and LLMs
reveal that even state-of-the-art models remain
susceptible to prompt variance and presupposi-
tion. Our method consistently mitigates these
issues, achieving up to a 2-5% improvement.'

1 Introduction

While current large language models (LLMs)
(Dubey et al., 2024; Touvron et al., 2023;
DeepSeek-Al et al., 2025; Qwen et al., 2025)
demonstrate strong performance in claim verifi-
cation (Tang et al., 2024; Kamoi et al., 2023) when
provided with ground truth evidence, they can
improperly presuppose parts of the claim, which
can then lead to incorrect conclusions or explana-
tions. Consider, for example, the claim illustrated
in Fig. 1: “A Bollywood movie won the Oscar in
1928”: an LLM might simply verify whether “any
Bollywood movie won the 1928 Oscar,” thereby
accepting the existence of the 1928 Oscar without
verifying it first.> In contrast, a more skeptical
verifier would first ask, “Was there an Oscar in
1928?” — and only if that is true, proceed to verify
the rest of the claim. This multi-layered reasoning
highlights the need for decomposition-based verifi-
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2The Oscars were first awarded in 1929.

A Bollywood movie won the Oscar in 1928
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Was there an
Oscar in 1928?

Figure 1: In contrast to simple claim decomposition,
which can presuppose some parts of the claim as true (i.e.
there were Oscars in 1928), our method automatically
generates a collection of presupposition-free questions
to verify each part of the claims. Here, it first asks
whether there were Oscars in 1928, conditioning any
subsequent questions on that answer.

cation that explicitly questions and validates every
presupposition before drawing a conclusion.

We propose such a method of question-based
decomposition and verification. Specifically, we
demonstrate how presupposition-free questions
can reduce prompt sensitivity, improve verifica-
tion performance, and constrain overthinking.
This simple yet effective method creates structured
reasoning paths that reduces prompt sensitivity by
2-5%, offering a significant robustness gain. Our
approach improves performance across both gen-
eral and domain-specific scientific claim verifica-
tion while reducing the need for labor-intensive
prompt-tuning across datasets.

To summarize, our contributions are as follows:

1. We propose a decomposition and de-
presupposition based question generation
method to produce fine-grained questions.

2. We show that while LLMs are highly sensitive
to prompt variations, our structured reasoning
approach significantly reduces this sensitivity,
improving robustness across prompts.

3. We demonstrate that our automated question
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generation achieves approximately 89% cover-
age of atomic subclaims in a zero-shot setting.

4. We show that our method outperforms strong
baselines by 2-5% across two datasets, three
prompt variants, and three reasoning models.

Our code is available at https://github.com/
dipta0@7/De-Presuppose.

2 Method

Given a claim (“Bollywood movie has won the Os-
car in 1928”), our approach proceeds in three steps:
First, we automatically decompose the claim into
simpler questions (§2.1) — “Which Bollywood
movie has won the Oscar in 1928?”. We recog-
nize that the generated questions may presuppose
certain facts, such as “There was an Oscar award
in 1928.” To account for this, we next reformulate
and expand these questions to remove presuppo-
sitions, resulting in presupposition-free questions
(82.2) — “(a) Was there an Oscar in 19282, (b) If
there was, has any Bollywood movie won that? (c)
If yes, which one was that?” Finally, we use a rea-
soner to verify the claim (§2.3) with the help of
these questions. Our results show that this struc-
turing improves claim verification performance.

2.1 Question Generation

Chen et al. (2022) demonstrated that using evidence
during question generation yields significantly bet-
ter results. Motivated by this, we incorporate both
claim and evidence in our question generation pro-
cess. Inductively, we prompt an LLM to decom-
pose a claim into separate, independent questions>.
We adopted the prompt from Kamoi et al. (2023)
to better align with our question decomposition
module instead of their subclaim decomposition.
Specifically, their few-shot prompt includes exam-
ples of claim-to-subclaim decomposition, which
we adapted by converting the assertive statements
into questions.

2.2 Question De-Presupposition

Through manual review of the generated ques-
tions, we identified that some of them presup-
pose information that may or may not be true, i.e.,
“Which Bollywood movie has won the 1928 Os-
car?”. While a model could, in theory, decom-
pose the claim into presupposition-free questions,

3Prompt is provided on App. A.1.1

in practice we noticed this did not consistently hap-
pen. Rather, we noticed that models’ subsequent
reasoning over those questions would go a differ-
ent way than intended. To address this, we employ
LLM-based prompting to process the questions and
decompose any presuppositions into multiple sub-
questions, as illustrated in Fig. 1. Specifically, for
each question, we prompt the LLM to decompose
it into presupposition-free atomic question®.

2.3 Reasoning through Questions

Next, we employ a reasoning model that utilizes
both the questions and the evidence to verify
the claim. The key in our approach is that the
presupposition-free questions from the previous
step can guide the LLM to reason effectively, in-
stead of directly verifying the claim based solely
on the evidence. We do this reasoning by prompt-
ing an LLM; however, Sclar et al. (2024) found
that even large models are susceptible to prompt
variance. Similarly, we found in our experiments
that there was significant variation in performance
based on which exact prompt we used: one was
adopted from Tang et al. (2024)’s verification
prompt (“MiniCheck’), and two others were writ-
ten by this paper’s authors in an attempt to provide
more Structured Guidance (we call them “SG1”
and “SG2”). We provide full details and results in
appendix (App. A.3). Overall, we found that just
by using these prompts alone performance varied
by up to 6% accuracy. This shows the need to mit-
igate prompt sensitivity; as our results will show,
our method provides this ability.

3 Experiments

Evaluation Metric: We used balanced accuracy
(BAcc) as the evaluation metric (Tang et al., 2024;
Kamoi et al., 2023), due to the imbalance between
all the labels. To evaluate our question module, we
have proposed a question coverage metric to assess
the accuracy of generated questions (§3.2).

Datasets: We used the BioNLI (Bastan et al.,
2022) and WiCE (Kamoi et al., 2023) dataset.
While BioNLI features highly complex and domain
specific scientific claims, WiCE has the real-life
claims from Wikipedia. We have also curated a
random balanced subset (300 claim-evidence pairs)
of the BioNLI dataset to experiment with much
costlier models, i.e., 04-mini. We call it BioNLI-
300. Following previous works (Tang et al., 2024;

*Prompt is provided on App. A.1.2
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Reasoner + Question

Prompt Only-Reasoner Decomposition Our Method
BioNLI-FULL

SG2 73.74 £0.10 76.57 + 0.08 76.57 £ 0.19
SGl1 72.34 £0.26 76.72 £ 0.14 77.73 £ 0.06
MiniCheck 77.58 £0.14 78.04 £0.14 78.32 + 0.15
BioNLI-300

SG2 69.11 £0.42 72.56 £ 1.50 73.44 + 1.40
SG1 68.44 £ 0.68 74.11 £ 1.29 75.00 + 2.18
MiniCheck 73.33 +0.98 7433 £1.25 75.11 £1.10
WiCE

SG2 76.36 £ 0.27 79.32 £ 0.49 79.03 £ 0.00
SGl1 73.41 £0.56 78.23 + 0.64 76.42 £ 0.92
MiniCheck 80.70 £ 0.30 81.72 £ 0.50 82.25 £ 0.62

Table 1: Results (with standard deviation) on the
BioNLI and WiCE dataset. Full results are reported
in the appendix (Table 4).

Kamoi et al., 2023), we converted the WiCE dataset
from a three-class problem to binary classification
by considering both ‘Refuted’ and ‘Partially Sup-
ported’ as the ‘Refuted.’” Detailed dataset statistics
are in the appendix (Table 8).

Experimental  Setup: We  have  used
Qwen/QwQ-32B and o4-mini as the reasoner
models. Both models were run with the default
temperature settings, while for o4-mini, we
utilized the “high” reasoning setup. More details
on the implementation is provided on App. A.2.

3.1 RQ1: Does de-presupposition help?

We consider three setups: (1) Only Reasoner, (2)
Reasoner + Question Decomposition and (3) Our
method with de-presupposition. The results of all
the settings are reported in Table 1. The findings in-
dicate that de-presupposition consistently improves
performance across all settings. The full results in
Table 4 also show that most notable gains are ob-
served when paired with a more capable reasoning
model, such as 04-mini. We hypothesize that less
capable models may not fully leverage the benefits
of presupposition-free questions. The impact of
de-presupposition is more pronounced on complex,
multi-hop datasets like BioNLI, while the improve-
ments are less substantial on simpler datasets such
as WiCE.

We also experimented with adding an explicit
answer module to further ease the burden on the
verifier. However, as shown in Table 5, this addi-
tion often degrades performance. We hypothesize
that generating intermediate answers may intro-
duce errors that propagate to the verifier. While

Question Decomposer  Question Coverage

89.16 £ 0.20
87.41 £0.00

o4-mini
Qwen/QwQ-32B

Table 2: Coverage of the sub-claims from the WiCE
dataset. Standard deviation is across 3 runs for question
decomposing.

a similar risk exists for question decomposition
and de-presupposition, breaking a claim into sub-
questions—and refining them into presupposition-
free forms—is comparatively easier and less error-
prone than answering questions directly from long,
unstructured documents.

3.2 RQ2: Do we cover sub-claims?

To analyze how well our generated questions cover
the critical parts of the claim, we use the decom-
posed subclaims from the WiCE dataset. We
employed Qwen/Qwen3-32B to evaluate coverage.
During evaluation, for each subclaim, we asked
the model whether it was addressed by at least one
question or a combination of multiple questions.
This approach accounts for the fact that a single
subclaim may be implicitly addressed by multiple
questions, aligning with our goal of generating as
many skeptical and granular questions as possible.
For example, the claim “San Jose is the biggest
city in Texas” can be decomposed into two ques-
tions: (1) Is San Jose a city in Texas? and (2) If
ves, is it the biggest? To avoid occasional con-
textualization issues when aligning questions with
subclaims, we provided the ground truth evidence
as additional context, allowing the LLM to properly
de-contextualize the questions.’

Table 2 shows we achieve ~89% coverage
of subclaims, regardless of the underlying LLM.
These results underscore that question decomposi-
tion is highly effective in zero-shot settings, while
the low standard deviation across runs highlights
the robustness of the question generation.

3.3 RQ3: Can we mitigate prompt variance?

In the next RQ, we explore if our proposed method
can mitigate the prompt sensitivity. To analyze this
question, we used our method across two datasets
— WICE (Kamoi et al., 2023) and BioNLI (Bas-
tan et al., 2022), using three different prompts®

SPrompt is provided in App. A.1.6
®Prompts are shown in App. A.1.3, App. A.l4,
App. A.1.5.
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Figure 2: Balanced accuracy on the BioNLI (blue bar)
and WiCE (orange bar) benchmarks under three prompt
variants. Full results are reported in appendix (Fig. 4).

and three different models (04-mini, Qwen/QwQ-
32B, Qwen/QwQ-32B). Due to the high API cost of
o4-mini and the large number of samples in the
BioNLI dataset (Table 8), we used only the Qwen
models’ for evaluating the BioNLI full dataset.
The results presented in Fig. 2 offer several key
insights: (1) Our method outperforms the baseline
across all datasets, prompts, and models, highlight-
ing its effectiveness, and (2) It mitigates the per-
formance degradation caused by prompt variance,
demonstrating the robustness of the method.

3.4 Error Analysis

In Fig. 3 we present an excerpted annotated ex-
ample from WiCE. On the left we show our ap-
proach, and on the right we show an LLM reasoner
without our approach. Note that our structured rea-
soning can mitigate overthinking. In the red box,
Qwen3-32B over-analyzed the evidence, placing un-
necessary emphasis on the publication date (Feb 1)
instead of the key event date (Jan 31), leading to an
incorrect conclusion. In contrast, our method first
decomposes the claim into high-level questions and
then further into subatomic questions through de-
presupposition, filtering out irrelevant information.
We show additional full examples in the App. A.5.

4 Related Works

Many works have explored claim verification
(Kamoi et al., 2023; Tang et al., 2024; Zha et al.,
2023; Min et al., 2023; Song et al., 2024; Wang
et al., 2024), but the decomposition of claims into

"Due to space, o4-mini results on the BioNLI-300 dataset
are provided in Table 4 in the appendix.

Supported Claim:

Rowney made his NHL debut on January 31, 2017, in
Pittsburgh's game against the Nashville Predators.

!

Standard Verification

Our Method

<think> ...
 / Looking at the document: ... It
says Rowney was recalled
again by Pittsburgh on Monday
(which would be January 31,
since the article is from Feb 1 ...
Let me parse the dates

carefully.

The document's metadata is
titled "February 1, 2017" ...
Therefore, the claim's date is
incorrect. The rest of the
information (NHL debut, game
vs. Predators) is correct, but the
date is wrong.

The incorrect date makes

the claim not supported.
Reason Through Questionsl - 7

Decompose

1. When did Rowney make his
NHL debut?

De-Presupposition l

1. Did Rowney have an NHL
debut game?

2. If Rowney was in the NHL,
when did he make his debut?

<think> ...
First, looking at the document: ...

Now, the questions and answers provided. Question 1 and 2 answer that
Rowney had his debut in that specific game on Jan 31. Question 1 asks if he had
his debut in Pittsburgh's 4-2 win over the Predators on that date. It confirms the
same details.

Answer of Quesion 3 confirms Rowﬁéy's debut with Pittsburgh on that date
against the Predators.

All the relevant answers align with the document's information. The document
clearly states he suited up in the game on Jan 31, which is considered his debut.
Therefore, all parts of the claim are supported.

Figure 3: Question-answer-based reasoning (left) vs.
typical verification by a reasoner model (right) on a
SUPPORTED claim from WiCE (Kamoi et al., 2023).

questions is a relatively newer field. Chen et al.
(2022) employed a trained question decomposer
model to break down claims into multiple ques-
tions. In contrast, our method focuses on zero-shot
question decomposition using the inherent knowl-
edge embedded in LLMs, allowing it to be applied
across different domains of claim verification, such
as scientific, real-life, and political claims.

Hu et al. (2025) demonstrated that direct claim
decomposition yields mixed results depending on
the strength of the verifier. Our findings are sim-
ilar, with performance varying based on the type
of prompts used. However, our work focuses on
reducing this issue to a greater extent. Similarly,
Fleischer et al. (2025) employed a question-based
decomposition to answer the main question. Xue
et al. applied a similar question-answer graph with
a voting mechanism to solve mathematical prob-
lems. However, claim verification requires more ex-
tensive reasoning because its questions are less de-
terministic—unlike mathematical questions, claims
do not follow a logical rationale, and thus the de-
composition requires more filtering and reasoning.

In the multimodal domain, Cho et al. (2023)
introduced a method of decomposing text into a
graph of questions to evaluate text-to-image mod-
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els. Similarly, Jiang et al. (2024) decomposed both
questions and images to answer the main question.

Recently, Lyu et al. (2025) has proposed a
pipeline through question-answering to detect if a
text has presupposition or not. Similarly, Kim et al.
(2021) has shown that using presupposition-based
decomposition improve the retrieval and hence im-
prove the end-QA performance.

In contrast, our method focuses on a less ex-
plored aspect of decomposition, presupposition,
and its impact on prompt variance and overthink-
ing in reasoning models using dynamic question
generation.

5 Conclusion

We introduce a novel question decomposition ap-
proach for generating presupposition-free, atomic
questions that systematically interrogate each part
of a claim. This study is inspired by how humans
think by decomposing and verifying each part of
a complex claim. Using our approach, we have
shown that we can mitigate the prompt sensitiv-
ity by constraining it to thinking structurally than
free form. We hope this line of research encour-
ages further exploration into decomposition-based
reasoning as a foundation for building more trust-
worthy and transparent claim verification systems.

Limitations

While the current LLMs are very effective as LLM-
as-a-judge, there is always an inherent nature of
randomness which can affect the question coverage
metric. Also, we have not tested different other
prompting methods due to the size of the dataset,
computation constraints and high API cost. Further-
more, while we have shown empirically that our
method improves the end-performance on claim
verification task, we have not manually verified the
outputs (if they are presupposition free) due to the
size of the dataset.
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A Appendix

A.1 Prompts

A.1.1 Question Decomposition

r

You are given a claim, your task is to decompose it into
multiple independent and individual questions. DON’T
generate any other text than the questions. You are given
some examples below and the input claim at the end.

Claim: Other title changes included Lord Steven Regal
and The Nasty Boys winning the World Television
Championship and the World Tag Team Championship
respectively.

Questions:

- Did Lord Steven Regal win the World Television
Championship?

- Did The Nasty Boys win the World Tag Team Champi-
onship?

Claim: The parkway was opened in 2001 after just under a
year of construction and almost two decades of community
requests.

Questions:

- When was the parkway opened?

- How long was the construction period for the parkway?
- How many years of community requests preceded the
opening of the parkway?

Claim: Touring began in Europe in April-June with
guitarist Paul Gilbert as the opening act, followed by
Australia and New Zealand in July, Mexico and South
America in late July—August, and concluding in North
America in October—November.

Questions:

- When did touring begin in Europe?

- Who was the opening act during the touring in Europe?
- Which months covered the Australia tour?

- Which months covered the New Zealand tour?

- Which months covered the Mexico tour?

- Which months covered the South America tour?

- Which months covered the North America tour?

- Where did the touring conclude?

Claim: In March 2018, the company partnered With
Amazon Web Services (AWS) to offer Al-enabled
conversational solutions to customers in India.

Questions:

- When did the company partner with AWS?

- What was the purpose of the partnership?

Claim: The most significant of these is in Germany, which
now has a Yazidi community of more than 200,000 living
primarily in Hannover, Bielefeld, Celle, Bremen, Bad
Oeynhausen, Pforzheim and Oldenburg.

Questions:

- Which country hosts the largest Yazidi community?

- How large is the Yazidi community in Germany?

- In which cities are the Yazidi community in Germany
primarily located?

Claim: A previous six-time winner of the Nations” Cup,
Sebastian Vettel became Champion of Champions for the
first time, defeating Tom Kristensen, who made the final
for the fourth time, 2-0.

Questions:

- How many times had Sebastian Vettel won the Nations’
Cup before?

- What title did Sebastian Vettel achieve for the first time?

- Whom did Sebastian Vettel defeat in the final?

- How many finals had Tom Kristensen reached?

- What was the final score between Sebastian Vettel and
Tom Kristensen?

Claim: {{claim}}
Questions:

\

A.1.2 Question De-Presupposition

~

You are given a question that may contain presuppositions
— assumptions that are implied but not necessarily true.
Your task it to rewrite the question into one or more
simpler de-contextualized questions that do not contain
these presuppositions. DO NOT generate anything
else other than the questions. You are also given some
examples below and the input question at the end.

Question:
Which Bollywood movie has won the Oscar in 19287

Rewritten questions:

- Was there an Oscar in 1928?

- If there was an Oscar in 1928, has any Bollywood movie
won that?

- If any Bollywood movie won the Oscar in 1928, which
one?

Question:
Which english movie was directed by Christopher Nolan?

Rewritten questions:

- Is Christopher Nolan a director?

- Has Christopher Nolan directed any english movie?

- If Christopher Nolan has directed any english movie,
which one?

Question:
{{question}}

Rewritten questions:

\

N

A.1.3 Reasoner: SG1

You are an Al model tasked with verifying claims using
zero-shot learning. Your job is to analyze a given claim
along with provided evidence (i.e. corpus articles) and
decide whether the available evidence would likely
support or not support the claim. You are also given some
questions that can help you analyze the claim and evidence.

Claim to evaluate:
<claim>
{{CLAIM}}
</claim>

Additional evidence provided:
<corpus_text>
{{EVIDENCE}}
</corpus_text>

Questions to consider:
<questions>
{{QUESTIONS} }
</questions>

Guidelines:
1. Evaluate the claim only based on the evidence provided.
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2. It’s possible that you are given multiple evidence
articles. It is also possible that some of the evidence
articles are not relevant to the claim. Use your best
judgement to determine which evidence to use and which
to ignore.

3. Consider answering the questions one by one, before
making a final decision.

4. If relevant information is not present in the evidence,
then it is possible that the claim is not supported by
the evidence. Use your best judgement and previous
knowledge to make a decision.

After your analysis, output exactly one JSON object
with exactly two keys: "reasoning" and "decision". The
value associated with "decision" must be exactly one
word — either "SUPPORTED" or "NOT_SUPPORTED"
(uppercase, with no additional text). Do not add any
markdown formatting, code fences, or additional text. "
"The output must start with an opening curly brace {{ and
end with a closing curly brace }}.

Example output format:
{{"reasoning":  "Your brief explanation here (one
or two sentences).", "decision": "SUPPORTED or
NOT_SUPPORTED"}}

Now, please evaluate the above claim.

\

A.1.4 Reasoner: SG2

You are an Al model tasked with verifying claims
using zero-shot learning. Your job is to analyze a
given claim along with provided evidence and decide
whether the available evidence would likely sup-
port or not support the claim. You are also given some
questions that can help you analyze the claim and evidence.

### Instructions:

1. Evaluate the claim only based on the evidence provided.
2. Consider answering the questions one by one, before
making a final decision.

3. It is possible that some of the questions are not relevant
to the claim. Use your best judgement to determine which
questions to answer and which to ignore.

4. Finally, analyze the claim, questions and evidence
together and determine the label that best describes the
relationship between the claim and the evidence.

5. The meaning of different labels:

- SUPPORTED: The claim is supported by the evidence.

- NOT_SUPPORTED: The claim is not supported by the
evidence.

### Output Format:

After your analysis, output exactly one JSON object
with exactly two keys: "reasoning" and "decision". The
value associated with "decision" must be exactly one
word — either "SUPPORTED" or "NOT_SUPPORTED"
(uppercase, with no additional text). Do not add any
markdown formatting, code fences, or additional text. "
"The output must start with an opening curly brace {{ and
end with a closing curly brace }}.

Example output format:
{{"reasoning":  "Your brief explanation here (one
or two sentences).", "decision": "SUPPORTED or
NOT_SUPPORTED"}}

### Input:
Evidence:

~

{{EVIDENCE} }

Claim to evaluate:
{{CLAIM}}

Questions to consider:
{{QUESTIONS}}

### Output:

\ J

A.1.5 Reasoner: MiniCheck

Determine whether the provided claim is supported by
the corresponding document. You are also given some
decomposed questions derived from the claim. Reason
through the questions to support your judgment. Support
in this context implies that all information presented in the
claim is substantiated by the document. If not, it should
be considered not supported. Its possible that some of
the questions are not relevant to the claim. Use your best
judgement to determine which questions to consider and
which to ignore. Fall back to the provided document when
you are not sure about the question.

Document:
{{EVIDENCE} }

Claim:
{{CLAIM}}

Questions to consider:

{{QUESTIONS}}

Please assess the claim’s support with the docu-
ment by responding with either "SUPPORTED" or
"NOT_SUPPORTED". Do not generate anything else
other than the answer.

Answer:

. J

A.1.6 Question Coverage

To find out the coverage of the questions generated
in the WiCE dataset, we have used the following
prompt. The prompt has access to one subclaim and
multiple questions and asks to find out if the sub-
claim is implicitly or explicitly covered by the ques-
tions. In the initial experiments, we have found out
that given the evidence during the evaluation per-
forms better due to the nominal references present
in the subclaim or questions.

Given a claim, evidence, and a list of questions, analyze
whether the questions collectively are sufficient to verify
or refute the entire claim.

### Instructions

- We are looking for coverage of the claim not com-
pleteness of the questions. So, if some questions are
not relevant to the claim, that’s fine. But if the relevant
questions do not cover the whole claim, then the coverage
is not good.

- The question does not need to ask the specific claim
explicitly. If answering the question would verify the
claim, then it covers the claim.
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- It is possible that multiple questions together cover the
claim. It is not necessary that the claim is covered by a
single question.

- If a question and claim refer to similar, but non-identical
concepts, use the provided evidence to determine whether
the question and claim are referring to the same concept
or not. For example, the claim may refer to "the machine
learning technique," while the question may ask about "the
supervised learning technique." Because the questions
were generated based on the provided evidence, consider
this evidence when determining your final answer.

- Begin by providing 1-2 sentences explaining your
reasoning for the coverage of the claim.

- Afterward, output yes if the questions cover the claim
completely, or no if they do not.

- Structure your final response into two sections:

- EXPLANATION: (your reasoning in 1-2 sentences)

- ANSWER: (Yes if the questions cover the claim
completely, or No if they do not)

### Evidence
{{evidence} }

### Claim

{{claim} }

### Questions
{{questions}}

\ J

A.2 Experimental Setup

We have used Qwen/QwQ-32B and o4-mini as the
reasoner models. For the QwQ model, we have
used VLLM (Kwon et al., 2023) for inference (one
H100) and the OpenAl API.Both models were run
with the default temperature settings, while for
o4-mini, we utilized the “high” reasoning setup.
We performed three runs to report the mean perfor-
mance with standard deviation for the BioNLI-300
and WiCE datasets. We conducted two runs for
the BioNLI full dataset and o4-mini results due to
high computation time and API costs.

A.3 Effect of Prompt Variance in Claim
Verification

Sclar et al. (2024) found that even large models are
susceptible to prompt variance, to confirm that on
our task we have used 3 different prompts.

MiniCheck Prompt: We have adopted the Tang
et al. (2024)’s verification prompt on this version.
The exact prompt is reported on App. A.1.5.

Structured Guidance: To confirm the prompt
variance, we have used 2 different structured guid-
ance prompts with one minimal change — reorgani-
zation of the sections. Both prompts are reported on
App. A.1.3 and App. A.1.4, both of those prompts

Prompt BAcc Supported Refuted
BioNLI-300

SG2 70.83 (-3.50) 87.33 54.33
SG1 68.33 (-6.00) 86.67 50.00
MiniCheck 74.33 74.00 74.67
WiCE

SG2 79.35 (-4.60) 91.89 66.80
SG1 79.08 (-4.87) 94.59 63.56
MiniCheck 83.95 82.88 85.02

Table 3: Comparison of different prompts — SG1 -
App. A.1.3, SG2 - App. A.1.4, MiniCheck - App. A.1.5.
o4-mini with high-reasoning setup was used as rea-
soner (Average score is reported over two runs)

were written by the authors and refined using the
BioNLI validation set. We call them “SG1” and
“SG2” respectively.

The results for different prompts are shown on
the Table 3. The results show that the claim verifica-
tion task, like many other tasks (Zhuo et al., 2024),
is susceptible to the prompt (3-6%). The differ-
ence between the SG1 and SG2 is more shocking,
as those two prompts are basically the same, with
some minor reorganization of sections. Our method
can effectively mitigate this prompt sensitivity of a
reasoner model.

A.4 Additional Results

The full result of the experiment described in §3.3
is shown on the Table 4. In addition to the pre-
vious datasets, we have also provided results on
the BioNLI-300 dataset to include the results for
04-mini as reasoner.

A.5 Qualitative Analysis

One of the success cases from the BioNLI dataset is
shown in Table 6, while a failure case is presented
in Table 7. The qualitative analysis reveals that,
in some instances, the model overlooks portions
of the decomposed questions (Table 7), leading to
incorrect conclusions despite otherwise relevant
evidence.

A.6 Dataset
Full dataset statistics of WiCE, BioNLI and
BioNLI-300 is provided on Table 8.

A.7 Results on Fever Dataset

We additionally report results on the FEVER test
dataset (Thorne et al., 2018). Notably, FEVER was
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De-

Prompt Reasoner  Question Decomposer Presupposition BAcc Supported Refuted
BioNLI-FULL

SG2 Qwen3-32B Qwen3-32B v 76.79 £0.16 90.37+0.72 63.21 £0.39
SG2 Qwen3-32B Qwen3-32B X 7592£0.16 89.83+0.09 62.00+0.42
SG2 Qwen3-32B - - 74.10 £0.04 89.65+0.27 5854+0.19
SG2 QwQ-32B QwQ-32B v 76.57 +£0.19 90.10+0.27 63.04 £0.11
SG2 QwQ-32B QwQ-32B X 76.57£0.08 89.92+0.09 63.23 +0.08
SG2 QwQ-32B - - 73.74£0.10 91.49+0.14 55.99 +0.06
SG1 Qwen3-32B Qwen3-32B v 76.16 £0.01 87.49+0.18 64.84+0.15
SG1 Qwen3-32B Qwen3-32B X 7538031 87.76+0.72 63.00+0.10
SG1 Qwen3-32B - - 7149 £0.11 89.87+041 53.10+0.18
SG1 QwQ-32B QwQ-32B v 77.73£0.06 87.04+0.00 68.41+0.11
SG1 QwQ-32B QwQ-32B X 76.72 +£0.14 87.98+0.05 65.46+0.32
SG1 QwQ-32B - - 7234 £0.26 93.92+0.32 50.76 +0.20
MiniCheck Qwen3-32B Qwen3-32B v 77.60 £0.10 81.14+0.14 74.05+0.33
MiniCheck Qwen3-32B Qwen3-32B X 76.34+£0.32 80.65+0.54 72.03+0.10
MiniCheck Qwen3-32B - - 76.29 +0.28 80.11+0.09 72.46 £0.48
MiniCheck  QwQ-32B QwQ-32B v 78.32+0.15 86.45+0.14 70.18+0.16
MiniCheck  QwQ-32B QwQ-32B X 78.04 £0.14 86.54+0.32 69.54 +0.03
MiniCheck  QwQ-32B - - 77.58 £0.14 84.92+0.23 70.23 +£0.06
BioNLI-300

SG2 04-mini 04-mini v 74.83£0.50 85.00+1.00 64.67 +0.00
SG2 o4-mini 04-mini X 71.33+£0.33 85.67+0.33 57.00 +1.00
SG2 04-mini - - 70.83 £0.17 87.33+0.00 54.33+0.33
SG2 QwQ-32B QwQ-32B v 7344 +£140 85.56+0.83 61.33+1.96
SG2 QwQ-32B QwQ-32B X 72.56 £ 1.50 86.44+1.13 58.67+1.96
SG2 QwQ-32B - - 69.11 £+ 042 88.00+0.54 50.22+0.31
SG1 04-mini 04-mini v 73.00+0.33 8233+1.00 63.67+0.33
SG1 04-mini 04-mini X 71.67£0.00 83.33+0.67 60.00+0.67
SG1 04-mini - - 68.33£0.00 86.67+0.00 50.00 = 0.00
SG1 QwQ-32B QwQ-32B v 75.00+2.18 86.00+0.54 64.00+3.81
SG1 QwQ-32B QwQ-32B X 74.11£129 86.44+0.83 61.78+1.75
SG1 QwQ-32B - - 68.44 +£0.68 92.44+0.83 44.44+0.63
MiniCheck 04-mini 04-mini v 74.67+0.33 79.00+1.00 70.33 £0.33
MiniCheck 04-mini 04-mini X 71.83£0.17 79.00+0.33 64.67 +0.00
MiniCheck 04-mini - - 74.33£0.00 74.00+0.00 74.67 +0.00
MiniCheck  QwQ-32B QwQ-32B v 75.11 £ 1.10 82.44+0.63 67.78+1.57
MiniCheck  QwQ-32B QwQ-32B X 7433 +£1.25 83.33+1.63 6533+0.94
MiniCheck  QwQ-32B - - 73.33+£098 82.67+1.09 64.00+1.44
WiCE

SG2 04-mini 04-mini v 82.54+1.46 90.99+0.90 74.09+2.02
SG2 04-mini 04-mini X 83.32+0.17 9234+1.35 74.29+1.01
SG2 04-mini - - 79.35£0.00 91.89+0.00 66.80+0.00
SG2 QwQ-32B QwQ-32B v 79.03 £0.00 85.59+0.00 72.47+0.00
SG2 QwQ-32B QwQ-32B X 79.32+£049 84.68+0.74 73.95+1.38
SG2 QwQ-32B - - 76.36 £0.27 86.19+042 66.53+0.19
SG1 04-mini 04-mini v 83.07+0.53 91.44+045 74.70+0.61
SG1 04-mini 04-mini X 83.52+0.33 9234+045 74.70+0.20
SG1 04-mini - - 79.08 £0.00 94.59 £0.00 63.56 +0.00
SG1 QwQ-32B QwQ-32B v 7642 +092 8348+1.12 69.37+1.99
SG1 QwQ-32B QwQ-32B X 78.23 £0.64 85.89+0.42 70.58 +1.66
SG1 QwQ-32B - - 7341 +£0.56 91.89+0.74 54.93+0.69
MiniCheck 04-mini 04-mini v 84.74+0.40 86.49+0.00 83.00=+0.81
MiniCheck 04-mini 04-mini X 84.09+0.86 85.59+0.90 82.59+0.81
MiniCheck 04-mini - - 83.95+0.00 82.88+0.00 85.02+0.00
MiniCheck  QwQ-32B QwQ-32B v 8225+0.62 8258+1.12 81.92+0.83
MiniCheck QwQ-32B QwQ-32B X 81.72+0.50 82.88+1.27 80.57+0.33
MiniCheck  QwQ-32B - - 80.70+0.30 82.58+0.42 78.81£0.50

Table 4: Detailed Results on the WiCE, BioNLI Full and BioNLI-300 dataset.
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Figure 4: Balanced accuracy on the BioNLI (a, b) and WiCE (c, d) benchmarks under three prompt variants. Across
each dataset, prompt variant, and backbone LLM, our method yields consistent and significant gains over the

single-reasoner baseline.

Prompt De-Presupposition  Answer Module BAcc

MiniCheck X v 71.33 £0.00
MiniCheck X X 71.83+£0.17
MiniCheck v v 73.50 £0.17
MiniCheck v X 74.67 +0.33
SG1 X v 69.83 £0.83
SG1 X X 71.67 £0.00
SG1 v v 73.33 £0.67
SG1 v X 73.00 £ 0.33
SG2 X v 69.67 +0.67
SG2 X X 71.33£0.33
SG2 v v 71.67 +1.00
SG2 v X 74.83 £0.50

Table 5: Results (with standard deviation) of using ex-
plicit answer module with our method.

originally developed as a retrieval and coarse veri-
fication benchmark rather than a fine-grained veri-
fication task. For example, one of the test claims—
“Hearts is a musical composition by Minogue”—
lacks the complexity necessary for decomposition-
based reasoning. Furthermore, as shown in Table 8,

the average claim length is only 8 words, indicating
that the claims are already highly atomic and offer
limited opportunity for further decomposition.

As shown in Table 9, our decomposition and
de-presupposition pipeline does not yield signif-
icant improvements on this dataset, highlighting
the importance of task complexity needed in ben-
efiting from structured reasoning approaches. Un-
like FEVER, most claims in real-world and scien-
tific domains are highly complex, often requiring
multi-hop reasoning. This underscores the neces-
sity of decomposition-based approaches for effec-
tive claim verification in such settings.
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Label Content

Claim We conclude that the reduction in furosemide stimulated renin release by indomethacin is due to renal cyclo-
oxygenase inhibition which is reflected in decreased excretion rates of hydrolysis products of renal eicosanoids.

Decomposed | 1: What is the cause of the reduction in furosemide-stimulated renin release?
Questions 2: What is the effect of indomethacin on furosemide-stimulated renin release?
3: What is reflected in decreased excretion rates of hydrolysis products of renal eicosanoids?

. If the reduction in furosemide-stimulated renin release has a cause, what is the cause?

: What is the effect of indomethacin on furosemide-stimulated renin release?

: If so, has anything been reflected in those decreased excretion rates?

What is reflected in decreased excretion rates of hydrolysis products of renal eicosanoids?
If indomethacin has an effect on furosemide-stimulated renin release, what is the effect?

: Does furosemide stimulate renin release?

. If there is a reduction in furosemide-stimulated renin release, does it have a cause?

: If yes, what is reflected in them?

: What is the cause of the reduction in furosemide-stimulated renin release?

10: If furosemide stimulates renin release, does indomethacin have an effect on that release?
11: Do hydrolysis products of renal eicosanoids have excretion rates that can decrease?

12: Is there a reduction in furosemide-stimulated renin release?

Presupposition
free  Ques-
tions

O NN AW —

Reasoning First, I need to check the document for evidence supporting each part of the claim.

Looking at the document: The study involved giving indomethacin to normal volunteers and then measuring
responses to furosemide. The key points from the document are:

- Indomethacin reduced serum thromboxane B2 (TXB2), which is a platelet product, but that’s not directly about the
kidney. However, the document mentions that renal prostacyclin and thromboxane A2 synthesis are limited to the
cortex. So maybe the eicosanoids in the kidney are affected too.

- The study found that both basal and furosemide-stimulated plasma renin activity were reduced after indomethacin.
Also, the excretion rates of 6-keto-PGF1 alpha (a prostacyclin metabolite) and TXB2 (though TXB2 here might be
from the kidney, but earlier they said TXB2 is platelet-derived, so maybe the renal TXB2 is different? Wait, the
document says "the transient increase in excretion rates of 6-keto-PGF1 alpha and TXB2" were also reduced. So
maybe the TXB2 here refers to renal, not platelet? Hmm, that’s a bit confusing because earlier they said serum
TXB2 was from platelets. Maybe the excretion in urine includes renal sources? The document says "excretion
rates” so that’s probably urine. So the renal eicosanoids’ hydrolysis products would be in urine.

The claim states that the decrease in renin release is due to cyclo-oxygenase inhibition (which indomethacin
does) and this is reflected in decreased excretion of hydrolysis products. The document does mention that after
indomethacin, the excretion of 6-keto-PGF1 alpha and TXB2 (the hydrolysis products) decreased, along with the
renin. Since prostacyclin and TXA?2 are eicosanoids made via cyclo-oxygenase, their hydrolysis products being
reduced would indicate that indomethacin (a COX inhibitor) is blocking their synthesis. Thus, the reduced renin
release is linked to the inhibition of these eicosanoids, which are part of renal cyclo-oxygenase products.
Looking at the questions:

1. The cause of the reduction in renin release would be indomethacin’s effect via COX inhibition. The document
says that after indomethacin, renin is reduced, so that’s supported.

2. Indomethacin reduces furosemide-stimulated renin release (document says "reduced, as well as the transient
increase..."), so yes.

3. The decreased excretion rates would reflect the inhibition of eicosanoid synthesis. The document mentions
decreased excretion of 6-keto-PGF1 and TXB2, so that’s the hydrolysis products.

4. The reflection is the renal cyclo-oxygenase inhibition. Since those products are from renal eicosanoids (as per
the first sentence about their synthesis being limited to the cortex), their decreased excretion would reflect that
inhibition.

5. The effect is reduction of renin release, as in question 2.

6. The document states that furosemide does stimulate renin, as they mention "furosemide stimulated plasma renin
activity".

7. The reduction does have a cause (indomethacin’s COX inhibition).

8. The decreased excretion rates reflect the inhibition of eicosanoid synthesis.

9. The cause is indomethacin’s cyclo-oxygenase inhibition, which the document implies since indomethacin is a
COX inhibitor and the eicosanoid products are reduced.

10. Yes, indomethacin reduces the renin release from furosemide.

11. Yes, the document says excretion rates of those products decreased.

12. Yes, the study found a reduction.

Putting it all together: The claim’s main points are that the renin reduction is due to COX inhibition (indomethacin)
and that this is shown by decreased excretion of hydrolysis products. The document supports both the reduction in
renin and the decrease in the excretion of those products (6-keto-PGF1 alpha and TXB2) after indomethacin. Since
cyclo-oxygenase inhibition by indomethacin would block the synthesis of prostacyclin and thromboxane, leading to
less of their hydrolysis products being excreted, the reasoning in the claim is supported by the document’s findings.
Therefore, the answer should be SUPPORTED.

Table 6: One of the examples from the BioNLI dataset where the reasoner correctly verified the claim as SUP-
PORTED.
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Label | Content

Claim We conclude that ACTH hypersecretion after CRH-mediated stimuli, including naloxone, is an inherent, but variable,
feature of DM, caused by expression of the genetic mutation at the anterior pituitary.

Decomposed | 1: Where is the genetic mutation expressed that leads to ACTH hypersecretion in DM?
Questions 2: What is an example of a CRH-mediated stimulus mentioned in the claim?

3: What causes the ACTH hypersecretion in DM?

4: What type of stimuli trigger ACTH hypersecretion in DM?

5: What is an inherent but variable feature of DM?
Presupposition- 1: If DM exists, does it have any features?
free  Ques- : If there are stimuli that trigger ACTH hypersecretion in DM, what type are they?
tions : If DM experiences ACTH hypersecretion, are there any stimuli that trigger it?

: If ACTH hypersecretion occurs in DM, what causes it?

‘What is an example of a CRH-mediated stimulus mentioned in the claim?
: If DM has features, does it have any inherent features?

: What type of stimuli trigger ACTH hypersecretion in DM?

: If DM exists, does ACTH hypersecretion occur in it?

: If DM has an inherent but variable feature, which one is it?

10: If DM has inherent features, are any of them variable?

11: What causes the ACTH hypersecretion in DM?

12: Does DM experience ACTH hypersecretion?

13: If such a mutation exists, is it expressed in a specific location?

14: Does DM exist?

15: Where is the genetic mutation expressed that leads to ACTH hypersecretion in DM?
16: If the claim mentions any CRH-mediated stimuli, what is an example?
17: Does a genetic mutation lead to ACTH hypersecretion in DM?

18: If it is expressed in a specific location, where is that?

19: What is an inherent but variable feature of DM?

20: Does the claim mention any CRH-mediated stimuli?

NN W —

Reasoning First, I’ll look at the document. The study shows that in DM patients, their basal ACTH levels are twice as high as
controls, and their ACTH responses to naloxone (a CRH stimulator) are four times higher. The cortisol responses
were similar, but ACTH was definitely higher. They also mention that 19 out of 36 patients were hyperresponders,
and some had reproducible responses.

Now, looking at the questions:

1. Does DM have features? The document does talk about ACTH hypersecretion as a feature, so yes. 2. The stimuli
are CRH-mediated, like naloxone. The document mentions naloxone as a CRH stimulator. 3. Yes, CRH-mediated
stimuli trigger ACTH hypersecretion in DM. 4. The cause according to the claim is the genetic mutation in the
anterior pituitary. The document says they "previously showed" CRH-mediated stimuli cause this, but does it
mention the genetic mutation’s role? The document here doesn’t explicitly state the genetic mutation’s location.
Wait, the claim says it’s caused by the mutation’s expression in the anterior pituitary. The document’s current
evidence is about the response to naloxone and ACTH levels but doesn’t mention the genetic mutation’s expression
site. Hmm, that’s a problem. The study might be part of their previous work, but the current document doesn’t
specify the cause as the genetic mutation in the anterior pituitary.

Questions 5-12 are missing

Looking at the questions 13,14,15,17,18: The claim says the cause is the genetic mutation expressed in the anterior
pituitary. The document here doesn’t mention the location of the mutation’s expression. The study talks about the
effect (ACTH levels) but not the exact mechanism’s location. So the part about the anterior pituitary might not be
supported by the provided document.

Questions 19,20 are missing

The claim also says it’s an inherent feature. The document does say that DM patients have higher ACTH responses
consistently, even in some repeated tests, so that’s inherent. The variability is mentioned with hyperresponders (19
out of 36), so variable.

But the key issue is the cause being the genetic mutation in the anterior pituitary. The document’s current text doesn’t
state that. The first sentence says they "previously showed" CRH-mediated stimuli cause ACTH hypersecretion.
Maybe the prior work mentioned the genetic cause, but in the provided document, the cause isn’t specified beyond
the stimuli leading to the response. The conclusion in the claim adds the genetic mutation’s role in the anterior
pituitary, which isn’t present here.

Therefore, even though most parts of the claim are supported (CRH-mediated stimuli like naloxone cause ACTH
hypersecretion, inherent and variable), the specific part about the genetic mutation’s expression in the anterior
pituitary isn’t addressed in the provided document. So the entire claim isn’t fully supported because that part isn’t
there.

Table 7: One of the examples from the BioNLI dataset where the reasoner incorrectly verified the claim as NOT-
SUPPORTED though the claim is originally SUPPORTED.
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Dataset Average # of Words

Samples Supported Refuted

Claim Evidence
WiCE (Kwon et al., 2023) 358 247 111 24 1316
BioNLI (Bastan et al., 2022) 5073 3962 1111 34 187
BioNLI-300 (sampled) 300 150 150 35 185
FEVER (Diggelmann et al., 2021) 6605 3305 3300 8 305

Table 8: Statistics of different dataset used in the study. Following previous papers (Tang et al., 2024; Kamoi et al.,
2023), we have converted the WiCE dataset to binary by assuming partially supported as refuted.

De-

Prompt Reasoner  Question Decomposer Presupposition BAcc Supported Refuted

SG2 Qwen3-32B Qwen3-32B v 95.27+£0.07 93.90+0.23 96.64 +0.09
SG2 Qwen3-32B Qwen3-32B X 9549 £0.11 94.55+0.18 96.42 +0.03
SG2 Qwen3-32B - X 95.47+£0.04 94.49+0.00 96.44 +0.08
SG2 QwQ-32B QwQ-32B v 9544 £0.17 9425+0.24 96.62+0.11
SG2 QwQ-32B QwQ-32B X 9542 £0.07 94.24+£0.05 96.61 +0.09
SG2 QwQ-32B - X 95.56 £0.02 94.70£0.09 96.42 +0.06
SG1 Qwen3-32B Qwen3-32B v 95.18 £0.17 93.92+0.18 96.44 +0.17
SG1 Qwen3-32B Qwen3-32B X 95.28£0.03 9422 +0.06 96.33 +0.00
SG1 Qwen3-32B - X 95.62£0.05 95.08+£0.08 96.17 +0.02
SG1 QwQ-32B QwQ-32B v 95.31 £0.08 94.30+0.08 96.33 +0.09
SG1 QwQ-32B QwQ-32B X 95.49£0.06 94.58+£0.09 96.39 +0.03
SG1 QwQ-32B - X 95.64 £0.05 95.40+0.00 95.88 +0.09
MiniCheck Qwen3-32B Qwen3-32B v 95.00£0.11 93.22+0.21 96.77 +0.02
MiniCheck Qwen3-32B Qwen3-32B X 9536 £0.08 94.21+£0.11 96.52 +0.06
MiniCheck Qwen3-32B - X 9541 £0.01 93.96+0.11 96.85+0.09
MiniCheck  QwQ-32B QwQ-32B v 95.40£0.02 94.13+£0.00 96.67 +0.03
MiniCheck  QwQ-32B QwQ-32B X 95.47+£0.05 94.40+0.03 96.53 +0.08
MiniCheck QwQ-32B - X 9540+0.03 94.16+£0.06 96.64 +0.00

Table 9: Results (with standard deviation) on the FEVER (Thorne et al., 2018) dataset. Due to the size of the dataset,
we have reported scores over two runs.
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