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Abstract

This paper explores the generation of Critical
Questions (CQs) from argumentative texts us-
ing multi-step reasoning techniques, specifi-
cally Chain-of-Thoughts (CoT) and Tree-of-
Thoughts (ToT) prompting frameworks. CQs
are essential for enhancing critical thinking and
improving decision-making across various do-
mains. Despite the promise of Large Language
Models (LLMs) in this task, generating contex-
tually relevant and logically sound questions
remains a challenge. Our experiments show
that CoT-based prompting strategies, including
Zero-shot and One-shot methods, significantly
outperform baseline models in generating high-
quality CQs. While ToT prompting offers a
more flexible reasoning structure, it was less
effective than CoT in this task. We suggest
exploring more advanced or computationally
intense multi-step reasoning techniques, as well
as alternative tree structures for the ToT frame-
work, to further improve CQs-Gen systems.

1 Introduction

Generating Critical Questions (CQs) from argu-
mentative texts plays a vital role in enhancing hu-
man understanding, promoting critical thinking,
specifically in education (Santoso et al., 2018), and
improving decision-making processes across do-
mains such as education, law, and policy analysis.
These questions aim to identify potential weak-
nesses, blind spots, or implicit assumptions within
arguments, thereby encouraging deeper reflection
and discourse. The task draws inspiration from
argumentation theory, particularly Walton’s argu-
mentation schemes (Walton et al., 2008), where
each type of argument is associated with a set
of critical questions designed to test its validity
(Calvo Figueras and Agerri, 2024).

Despite its importance, Critical Questions Gen-
eration (CQs-Gen) remains an underexplored and
challenging task. It requires not only an un-

derstanding of the structure and content of argu-
ments but also the ability to reason about unstated
premises and hypothetical counterpoints. Previous
approaches, including prompt-based generation us-
ing Large Language Models (LLMs), have shown
promise but still struggle with generating questions
that are both contextually relevant and logically
sound (Calvo Figueras and Agerri, 2024).

In this paper, we explore the use of multi-
step reasoning techniques, particularly Chain-
of-Thoughts (CoT) and Tree-of-Thoughts (ToT)
framework, to improve the performance of LLMs
in CQs-Gen. These approaches aim to mimic the
step-by-step reasoning process humans use when
evaluating arguments, allowing the model to better
capture underlying assumptions and generate more
insightful critical questions. Through systematic
experiments and evaluation, we demonstrate the
effectiveness of multi-step prompting in generating
high-quality, argument-sensitive critical questions.

2 Related Work

To contextualize our contribution, we examine
three foundational pillars: the development of
Large Language Models (LLMs), the task of CQs-
Gen, and recent advancements in multi-step reason-
ing techniques.

2.1 Large Language Models

The advent of Large Language Models (LLMs)
such as GPT-4o (OpenAI et al., 2024), Deepseek-
R1 (DeepSeek-AI et al., 2025), and LLaMA 3
(Grattafiori et al., 2024) has brought significant
progress in natural language processing. Trained
on vast corpora of diverse text, these models ex-
hibit strong zero-shot and few-shot performance
across a wide array of tasks, including question
answering, summarization, and reasoning. Notably,
models like GPT-4o and Deepseek-R1 demonstrate
implicit reasoning capabilities, often reasoning
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through complex prompts before producing outputs.
These characteristics make them strong candidates
for tasks that require nuanced comprehension and
logical progression, such as multi-step inference
and question generation.

2.2 Critical Questions Generation (CQs-Gen)

The CQs-Gen task, introduced by Calvo Figueras
and Agerri (2024), involves generating questions
that critically engage with the reasoning presented
in a given text. CQs-Gen holds potential for ap-
plications in combating misinformation and pro-
moting critical thinking, as evidenced by related
studies on argument analysis and fallacy detection
(Musi et al., 2023; Musi and Reed, 2022). However,
the task remains underexplored. Existing LLMs of-
ten struggle with generating relevant and coherent
critical questions. Common issues include produc-
ing questions that are (1) unrelated to the argument,
(2) based on introduced but unsupported concepts,
(3) overly generic, or (4) grounded in flawed rea-
soning. Furthermore, the absence of large-scale,
high-quality datasets of reference critical questions
poses an additional challenge, limiting the devel-
opment and evaluation of robust CQs-Gen systems
(Calvo Figueras and Agerri, 2024).

2.3 Multi-Step Reasoning Techniques

Recent advances in multi-step reasoning have in-
troduced techniques such as CoT prompting (Wei
et al., 2023), ToT (Yao et al., 2023; Long, 2023)1,
and Chain-of-Draft (Xu et al., 2025), all of which
have demonstrated notable improvements in tasks
like arithmetic reasoning, commonsense inference,
and symbolic reasoning (e.g., the coin-flip task).
More recent work has explored integrating these
techniques with decision-making frameworks such
as A* search or reinforcement learning to fur-
ther enhance reasoning performance (Wang et al.,
2024a,b).

In this study, we focus on two foundational meth-
ods – Chain-of-Thoughts and Tree-of-Thoughts –
due to their simplicity, accessibility, and effective-
ness, while leaving the exploration of more ad-
vanced or computationally intensive approaches to
future work.

1For a prompt-based implementation of Tree-
of-Thoughts, see https://github.com/dave1010/
tree-of-thought-prompting

3 Methodology

In this section, we present several multi-step reason-
ing techniques for the CQs-Gen task. An overview
of the different prompting strategies is illustrated
in Figure 1. All prompts and sample responses can
be found in appendix A.

3.1 Chain-of-Thoughts Prompting
To support the generation of critical questions that
challenge arguments effectively, we adopt CoT
prompting – a technique that decomposes reason-
ing into intermediate steps (Wei et al., 2023). This
structure helps LLMs expose implicit assumptions
and reasoning gaps. We evaluate several CoT
prompting variants:

• Zero-Shot CoT Prompting: Following Ko-
jima et al. (2023), this method appends a trig-
ger phrase to the input to elicit structured rea-
soning without examples. We use the custom
phrasing:

“Think about the argument step-by-
step. Print your reasoning first in a
structured step-by-step format.”

to discourage models from skipping the rea-
soning phase.

• One-Shot CoT Prompting: As proposed in
Wei et al. (2023), this variant includes an ex-
emplar that illustrates structured reasoning
and CQ derivation. For each intervention, we
select a similar – but not identical – example
from the validation set to promote unbiased
performance (explained in Appendix A.3.2).

• Least-to-Most CoT Prompting: Introduced
by Zhou et al. (2023), this approach breaks
down the task into explicit subtasks, guiding
the model step-by-step rather than relying on
implicit decomposition.

3.2 Tree-of-Thoughts Framework
To complement linear CoT strategies, we explore
Tree-of-Thoughts (ToT) prompting (Yao et al.,
2023), which organizes reasoning as a search tree.
Inspired by human problem-solving via branching
deliberations (Newell, 1959), ToT enables multiple
reasoning paths using heuristics such as BFS, DFS,
or A*. Our implementation builds a shallow tree
via BFS with three stages: (1) generate and rank ini-
tial plans; (2) expand top plans into sub-plans; (3)
generate critical questions from sub-plans. At each
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Figure 1: Overview of prompting strategies explored in this work. From left to right: (1) Standard input-output
prompting (baseline), (2) Zero-Shot CoT prompting with a trigger phrase, (3) Few-Shot CoT prompting with
selected exemplars, (4) Least-to-Most CoT prompting with explicit step guidance, and (5) Tree-of-Thoughts (ToT)
prompting using breadth-first exploration of reasoning paths. Yellow boxes denote the input, green boxes represent
intermediate reasoning steps or sub-tasks, light green boxes indicate reasoning paths that were pruned in the ToT
framework, and blue boxes represent the final output (i.e., the generated critical question).

depth, a voting-based mechanism selects the most
promising candidates. For simplicity and due to
time constraints, we evaluate a single tree structure,
leaving broader configurations for future work.

4 Experiments and Results

4.1 Experiments

In this section, we describe the experimental setup
used to evaluate the multi-step reasoning strategies
introduced in Section 3. We outline the dataset,
model configurations, prompting procedures, eval-
uation protocol, and implementation details.

4.1.1 Dataset
We conduct all experiments using the validation
set of the CQs-Gen Shared Task dataset (Figueras
et al., 2025; Figueras and Agerri, 2025), which con-
sists of argument-based scenarios paired with corre-
sponding interventions. Each input scenario serves
as the context for generating critical questions that
challenge the underlying reasoning or assumptions
of the argument. For One-shot CoT, for each in-
tervention, we randomly selected three useful rep-
resentative questions and then used DeepSeek-R1
to generate the reasoning steps that lead to those
questions (prompt in Appendix A.3.1).

4.1.2 Model
We evaluate all prompting strategies using GPT-4o
mini via the OpenAI API, keeping default param-
eters (temperature = 1.0) to encourage generation
diversity. As baselines, we adopt LLaMA-3-8B
and GPT-4o mini, both under standard prompting.

While prior work used LLaMA-2-13B and Zephyr-
13B (Calvo Figueras and Agerri, 2024), LLaMA-
3-8B offers architectural improvements, including
enhanced tokenization, instruction following, and
reasoning capabilities (Grattafiori et al., 2024). Us-
ing GPT-4o mini additionally allows us to isolate
the effect of prompting strategies from model ca-
pacity, and to assess whether structured reasoning
benefits even strong proprietary models. In addi-
tion, we conducted tests using DeepSeek-R1, Mis-
tral, and Qwen 3 (locally via Ollama) to explore
generalization across different LLMs.

4.1.3 Tree-of-Thoughts Configuration
For the ToT strategy, we construct trees with a
maximum depth of 4, where the root node (depth
1) represents the input scenario; we generate 5 can-
didate initial plans at depth 2; for each selected
plan, we generate 3 sub-plans at depth 3, and each
sub-plan is used to generate 3 candidate critical
questions at the depth 4. At each depth level, we
conduct 10 independent voting rounds using the
model to evaluate and rank candidates. Based on
these votes, we select the top 3 candidates to ex-
pand to the next level. The final output is selected
from the pool of questions generated at depth 4.

4.1.4 Evaluation
In this study, we perform automatic evaluation due
to time constraints. Following the CQs-Gen Shared
Task setup (Calvo Figueras and Agerri, 2024), we
use automatic evaluation based on similarity be-
tween generated and reference questions. For each
generated question, we identify the reference ques-
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tion with the highest similarity. If this score is
below 0.6, the output is marked as “not evaluable”
and assigned a score of 0. Otherwise, we assign
the reference label (“Useful,” “Unhelpful,” or “In-
valid”) to the generated question. Each intervention
yields three questions. The intervention score is
the sum of question scores, with “Useful” is 0.33,
“Unhelpful” is 0.1, and others is 0. The system’s
overall score is the mean intervention score across
the dataset. Finally, we submit the test set ques-
tions generated by the two most promising CoT
prompting methods and the ToT framework for
official evaluation by the CQs-Gen Shared Task
organizers.

4.2 Results
4.2.1 Punctuation Evaluation Results
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Figure 2: Punctuation score of all methods, including
baseline.

Figure 2 and the table 1 presents the punctu-
ation score across 30 runs on the validation set
for all prompting strategies, including a baseline
using GPT-4o mini. As expected, the baseline
using LLaMA-3 8B lags significantly behind all
other methods. Notably, the GPT-4o mini base-
line demonstrates a strong improvement over the
LLaMA-based baseline, confirming that model
strength plays a substantial role in performance.
However, prompting strategies such as One-shot
CoT and Zero-shot CoT still outperform this strong
baseline, indicating that reasoning scaffolds con-
tinue to provide benefits even when using advanced
language models. Least-to-Most CoT performs
comparably to GPT-4o mini baseline, while the
ToT framework underperforms relative to other
CoT-based methods in this setting. These results
highlight that while newer models enable implicit
reasoning, structured prompting continues to of-
fer performance gains, especially in tasks requir-
ing nuanced argumentative analysis. Results from

additional model evaluations using DeepSeek-R1,
Mistral and Qwen 3 are provided in Appendix B.

Interestingly, official evaluation on the hidden
test set (also shown in table 1) reveals that Zero-
shot CoT and the ToT Framework slightly outper-
form One-shot CoT, despite its superior perfor-
mance on the validation set. This suggests that
simpler or more diverse prompting strategies may
generalize better in unseen scenarios.

Method Validation Test
Llama-3-8B Baseline 0.589± 0.019
GPT-4o mini Baseline 0.694± 0.014
GPT-4o mini One-shot CoT 0.719± 0.011 0.451
GPT-4o mini Zero-shot CoT 0.707± 0.013 0.490
GPT-4o mini Least-to-Most CoT 0.695± 0.014
GPT-4o mini ToT Framework 0.613± 0.015 0.461

Table 1: Comparison of performance metrics of 30 runs
across different prompting and reasoning strategies in
validation set and test set.

4.2.2 Error Analysis
Our error analysis examined the top struggling in-
terventions across various prompting strategies and
model architectures. We identified several consis-
tent patterns in failure cases: long and multi-topics
interventions; emotionally charged or highly sub-
jective content; too brief or ambiguous interven-
tions; interventions involving sensitive themes such
as race, health, or politics. Across methods, a com-
mon failure mode was the generation of descriptive
rather than genuinely critical questions. Although
the ToT approach demonstrated more structured
reasoning, it continued to struggle with emotionally
complex or contextually diffuse inputs. Represen-
tative examples of such interventions and model
outputs are provided in Appendix C.

5 Conclusion

In this study, we investigated multi-step reason-
ing techniques, specifically CoT prompting and the
ToT framework, for generating critical questions
(CQs) from argumentative texts. Experiments show
that CoT variants – especially Zero-shot CoT and
One-shot CoT – outperform the LLaMA-3 baseline
and slightly surpass GPT-4o mini, helping expose
underlying assumptions. While the ToT framework
supports structured exploration, it proved less effec-
tive in this context. Key challenges remain, such as
handling emotionally charged or ambiguous con-
tent. Future work should explore more advanced
multi-step strategies and alternative tree structures
for ToT to enhance CQs-Gen performance.
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Limitations

One limitation of our work lies in the inference cost
associated with multi-step prompting using large
language models (LLMs). Although GPT-4o-mini
is relatively inexpensive, Table 2 shows that ToT
incurred substantially higher cost across 30 runs
($21.10 total), compared to simpler strategies such
as Zero-shot CoT ($0.98). While the per-sample
cost remains low, the cumulative overhead may
become prohibitive for larger-scale deployment.
This motivates future exploration into cost-efficient
prompting or model distillation techniques.

Method Input Output Cost ($)
Zero-shot CoT 2.17M 1.10M 0.98
One-shot CoT 5.20M 0.90M 1.27
Least-to-Most CoT 2.39M 1.38M 1.19
ToT Framework 97.39M 10.94M 21.10

Table 2: Input/output token usage and total cost (in
USD) for 30 runs of each multi-step reasoning technique
using GPT-4o-mini on the validation set.
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A Prompts and Sample Responses

All sample responses presented in this section are generated using the following prompt with the specified
intervention:

MT:
“Claire’s absolutely right about that. But then the problem is that that form of capitalism wasn’t
generating sufficient surpluses. And so therefore where did the money flow. It didn’t flow into those
industrial activities, because in the developed world that wasn’t making enough money.”

A.1 Standard input-output prompting (baseline)
A.1.1 Prompt:

Suggest exactly 3 critical questions that should be raised before accepting the arguments in this text:
“{intervention}”
Make the questions simple, and do not give any explanation regarding why the question is relevant.

A.1.2 Sample response:

1. What evidence supports the claim that that form of capitalism wasn’t generating sufficient
surpluses?

2. What specific industrial activities is the speaker referring to, and why were they not profitable?

3. Where did the money flow instead, and what were the consequences of that shift?
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A.2 Zero-shot CoT
A.2.1 Prompt:

Think about the argument step-by-step. Print your reasoning first in a structured step-by-step format.
Then, from the reasoning, suggest exactly 3 critical questions that should be raised before accepting

the arguments in this text:
“{intervention}”
Make the questions simple.

A.2.2 Sample response:

Step-by-Step Reasoning

1. Identifying the Claim: The speaker, MT, agrees with Claire regarding a point about capitalism.
They assert that a particular form of capitalism (“that form of capitalism”) is not generating
sufficient surpluses.

2. Analyzing the Problem: MT highlights a problem: the insufficient generation of surpluses
under the discussed form of capitalism. This implies a need to understand what “that form”
refers to and why it fails in this aspect.

3. Exploring the Consequence: MT states that because of the lack of surpluses, there is a flow of
money that does not enter industrial activities. There is an implication that perhaps money is
flowing elsewhere but does not specify where exactly it is going.

4. Contextualizing Development: The mention of the “developed world” suggests that the
argument is rooted in a specific economic context. It implies that in more economically
advanced regions, industrial activities are not lucrative enough to attract investment.

5. Inquiring About Implications: MT’s point suggests broader implications for capitalism and
industrial economies. The argument may require further substantiation to understand the full
picture of economic flow and investment in relation to industrial activities.

Critical Questions

1. What specific form of capitalism is being referenced, and why is it deemed ineffective in
generating surpluses?

2. Where exactly is the money flowing if it is not going into industrial activities?

3. What evidence is there to support the claim that industrial activities in the developed world are
not profitable enough to attract investment?
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A.3 One-shot CoT
A.3.1 Prompt for generating contents of One-shot CoT:

Given the following intervention:
{intervention}
And the following reasoning guideline:
- Identify its core claim.
- Identify any assumptions it makes.
- Examine the logical connections between claims.
- Consider what evidence would be needed to support it.
- Identify any missing or unclear aspects.
Use this guideline to generate reasoning steps that lead to these questions:
{questions}

A.3.2 Prompt for generating questions:

* Task: Given an intervention, identify its core claim, assumptions, logical connections, required
evidence, and missing aspects. Then, suggest 3 critical questions that should be raised before
accepting the argument. Make the questions simple.

* Example:
- Intervention: “{example_intervention}”
- Core claim: {core_claim}
- Assumption: {assumptions}
- Logical connections: {logical_connections}
- Required evidence: {required_evidence}
- Missing or unclear aspects: {missing_or_unclear_aspects}
- From these reasoning, here are the questions: {questions}
* Intervention: “{intervention}”

In this prompt, we use a semantic similarity-based selection approach to retrieve an intervention that
is similar – but not identical – to the input, as example intervention. For OpenAI GPT-4o mini, we
compute cosine similarity directly between the input and all stored example embeddings. For locally run
models (e.g., DeepSeek-R1, Mistral, Qwen3), due to time constraint, we use a FAISS-based vector store
to perform similarity search. In both cases, we normalize and filter out exact matches and ensure the
selected example is semantically relevant.

A.3.3 Sample response of generating questions:

Core Claim:
The current form of capitalism is not generating enough surplus to support industrial activities in the
developed world, leading to a lack of investment in these sectors.

Assumption:
The speaker assumes that a correlation exists between surplus generation and investment in industrial
activities, and that the current form of capitalism is inherently insufficient for fostering necessary
economic growth within the developed world.

Logical Connections:
The speaker connects the inability to generate sufficient surpluses under the current form of capitalism
directly to the lack of funding and investment in industrial sectors. They suggest a causal relationship
where inadequate profitability leads to inadequate investment.

Required Evidence:
Evidence would include data comparing surplus generation under different forms of capitalism,
examples of industrial investment trends in response to surplus levels, comparisons between developed
and developing economies, and studies demonstrating the relationship between profit margins and
investment in industrial activities.
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Missing or Unclear Aspects:
The speaker does not clarify what specific factors contribute to the lack of surplus generation in
current capitalist structures, how these factors impact different sectors, or what alternative economic
models might better support surplus generation. The implications of this lack of surplus on long-term
economic health are also not discussed.

From these reasoning, here are the questions:

1. What specific aspects of the current form of capitalism are preventing sufficient surplus genera-
tion?

2. How does the speaker define “sufficient surpluses,” and is there a consensus on what this should
be?

3. Are there alternative economic models or strategies that could address this problem, and have
they been considered?
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A.4 Least-to-Most CoT
A.4.1 Prompt:

First, analyze the argument by breaking it down logically:
- Identify its core claim.
- Identify any assumptions it makes.
- Examine the logical connections between claims.
- Consider what evidence would be needed to support it.
- Identify any missing or unclear aspects.
Print your reasoning first in a structured step-by-step format. Then, suggest exactly 3 critical

questions that should be raised before accepting the arguments in this text:
“{intervention}”
Make the questions simple.

A.4.2 Sample response:

Logical Breakdown of the Argument

1. Core Claim:

• The speaker asserts that a specific form of capitalism is ineffective because it fails to gener-
ate sufficient surpluses, leading to a diversion of money away from industrial activities.

2. Assumptions:

• There exists a specific form of capitalism being referenced.
• The speaker believes that the failure to generate surpluses directly correlates with inadequate

investment in industrial activities.
• The claim assumes that sufficient surpluses are necessary for money to flow into industrial

sectors.

3. Logical Connections:

• The argument suggests a causal relationship between the insufficiency of surpluses and the
lack of investment in industrial activities.

• It implies that if capitalism were generating sufficient surpluses, then money would flow
into the industrial sector.

4. Evidence Needed:

• Data supporting the assertion that the current form of capitalism is inadequately generating
surpluses.

• Examples or statistics that demonstrate how lower surpluses correlate with reduced invest-
ment in industrial activities.

• Analysis of the current financial flow patterns to industrial activities to substantiate claims
of diversion.

5. Missing or Unclear Aspects:

• The specific characteristics of the form of capitalism being discussed are not defined.
• The speaker does not clarify what “sufficient surpluses” means or how it can be measured.
• There’s no mention of potential alternative explanations for the lack of investment in

industrial activities, which could dilute the strength of the claim.

275



Critical Questions to Raise

1. What specific form of capitalism is being referred to, and what differentiates it from other forms?

2. What criteria do you use to define “sufficient surpluses,” and how do we measure them?

3. Are there other factors besides surplus generation that could explain why money is not flowing
into industrial activities?
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A.5 ToT Prompting
A.5.1 Generating plans

Here is the intervention:
“{intervention}”
Generate a one line plan on how you would suggest a critical question that should be raised before

accepting the arguments in this text. Do not give the question yet.

A.5.2 Generating sub-plans

Here is the intervention:
“{intervention}”
To suggest a critical question, here is the plan:
{parent_plan}
Generate a one line sub-plan of this plan on how you would suggest a critical question that should

be raised before accepting the arguments in this text. Do not give the question yet.

A.5.3 Generating questions

Here is the intervention:
“{intervention}”
To suggest a critical question, here is the plan:
{plan}
From the plan, suggest three critical questions that should be raised before accepting the arguments

in that intervention. Make the questions simple, and do not give any explanation regarding why the
question is relevant.

A.5.4 Voting for plans

Here is the intervention:
“{intervention}”
To suggest a critical question, here are the plans:
{plans}
Analyze these plans, then conclude which is the most promising for a critical question for the

intervention.

A.5.5 Voting for questions

Here is the intervention:
“{intervention}”
Here are the critical questions:
{cqs}
Analyze these questions and choose the three most suitable critical questions that should be raised

before accepting the arguments in the intervention.
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B Additional Results with Deepseek-R1, Mistral-7B, and Qwen 3-7B

To assess the generalizability of our prompting strategies across different LLM families, we conducted
supplementary experiments using DeepSeek-R1, Mistral-7B, and Qwen3-8B, all run locally via the
Ollama framework. Due to extensive computational runtime and time constraints during local evaluation,
we did not include the Tree-of-Thought (ToT) framework in these supplementary tests. The results are
reported below.

Method DeepSeek-R1 Mistral-7B Qwen3-8B
Baseline 0.538± 0.022 0.631± 0.017 0.629± 0.018
One-shot CoT 0.472± 0.020 0.670± 0.018 0.650± 0.017
Zero-shot CoT 0.526± 0.020 0.677± 0.013 0.645± 0.021
Least-to-Most CoT 0.434± 0.021 0.532± 0.019 0.671± 0.017

Table 3: Validation results with DeepSeek-R1, Mistral-7B, and Qwen3-8B using local inference (with
enable_thinking=true in apply_chat_template for Qwen3-8B only).

Figure 3: Performance comparison of prompting strategies. From left to right: DeepSeek-R1, Mistral-7B, and
Qwen3-8B (with enable_thinking=true in apply_chat_template for Qwen3-8B only).
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C Examples of Model Output on
Challenging Interventions

C.1 Long, Multi-Topic Interventions

CLINTON
“The central question in this election is really
what kind of country we want to be and what
kind of future we’ll build together. Today is my
granddaughter’s second birthday... We need
new jobs, good jobs, with rising incomes... I
also want to see more companies do profit-
sharing.”

• GPT-4o mini Zero-shot CoT: What specific
policies or initiatives will be implemented
to ensure new jobs in infrastructure and ad-
vanced manufacturing?

• GPT-4o mini One-shot CoT: What specific
strategies will you implement to ensure new
jobs created are of high quality and provide
rising incomes for workers?

• GPT-4o mini Least-to-Most CoT: What evi-
dence or data do you have to support the claim
that increasing investments in certain sectors
will lead to job growth and fairer economic
conditions?

• GPT-4o mini ToT Framework: What impact
will raising the national minimum wage have
on small business profitability?

• GPT-4o mini baseline: What specific poli-
cies or measures will be implemented to build
a fairer economy?

Despite their structured reasoning design, both
CoT and ToT fail to produce useful critical ques-
tions in this example, as they focus on the most
salient economic claims and neglect the discourse-
level structure, resulting in unhelpful or invalid
questions that do not fully challenge the argumen-
tative richness of the intervention.

C.2 Emotionally Charged / Subjective
Language

AllergyDad
“As a parent of a child with severe life-
threatening allergies to peanuts and treenuts...
a peanut can have the same result [as death].
I urge the DOT to issue the ban, and make
traveling safe for everyone.”

• GPT-4o mini Zero-shot CoT: What practi-
cal implications would banning peanuts and
tree nuts on flights have on airlines and food
service operations?

• GPT-4o mini One-shot CoT: How would the
proposed ban on nut products be effectively
enforced on flights?

• GPT-4o mini ToT Framework: How will
a ban on peanut and tree nut products affect
passengers with other dietary restrictions and
allergies?

• LLaMA-3 baseline: What are the current
airline policies regarding food allergies on
flights?

CoT and ToT fail in this case because they gen-
erate operational or policy-related questions that
accept the argument’s premise, rather than critically
examining whether an emotionally driven personal
case justifies a general policy ban, rendering their
outputs unhelpful or invalid.

C.3 Overly Short / Ambiguous Content

CLINTON
“It’s a good one, though. It well describes the
problem.”

• GPT-4o mini ToT Framework: What spe-
cific problem is Clinton addressing in his state-
ment?

• GPT-4o mini baseline: What specific prob-
lem is being referred to in the statement?

ToT fails in this case because the original state-
ment lacks clear argumentative content, leading the
model to produce a vague question that could be
applied to any text – thus rendering it invalid.

C.4 Sensitive / Politically Charged Topics

CLINTON
“It’s just a fact that if you’re a young African-
American man and you do the same thing as
a young white man, you are more likely to be
arrested... I want to see private prisons ended
in the state system... we need commonsense
gun safety measures.”

• LLaMA-3 baseline: How would Clinton’s
plan to divert people from the criminal justice
system work in practice, and what metrics
would be used to measure its effectiveness?
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C.5 Satirical / Figurative Language
Misinterpreted Literally

Antanagoge
“Is it really possible that all blindly partisan ad-
vocates of the peanut... are overtaken by such
a compulsion... These sound like symptoms of
addiction... The only prudent course of action
is to discontinue peanuts on airplanes.”
howie

“Most food allergies are completely imagined...
Peanuts are incredibly nutritious... Leave my
peanuts alone!”

• GPT-4o mini ToT Framework: What are the
documented cases of severe allergic reactions
to peanuts occurring on airplanes?

ToT fails in this case because its multi-path rea-
soning converges prematurely on a literal interpre-
tation of the text, overlooking its satirical tone.
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