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ABSTRACT

Large Language Models (LLMs) have shown strong capabilities across a wide
range of tasks. However, they remain vulnerable to noisy or adversarial contexts,
often producing unfaithful or hallucinatory outputs. To address these weaknesses,
recent work has integrated LLMs with Retrieval-Augmented Generation (RAG) and
external tools. While effective, these approaches still suffer from error propagation,
as existing structured reasoning methods cannot reliably detect and correct mistakes
during intermediate steps. We propose FaithThinker, a reasoning framework
designed to improve contextual faithfulness. At its core is Self-Questioning and
Verification (SQV), a reasoning paradigm inspired by dialectical thinking. SQV
allows models to question, verify, and revise intermediate reasoning steps in a
single pass. To extend this capability, we introduce SQV-Alignment, an adversarial
context—augmented fine-tuning method that efficiently transfers SQV from large to
smaller LLMs. Experiments demonstrate that FaithThinker achieves state-of-the-
art robustness under both clean and noisy conditions. SQV reduces hallucinations
by up to 30.6 % compared with Chain-of-Thought, and generates reasoning paths
3x shorter than iterative methods such as Self-Refine. These results highlight
FaithThinker’s ability to enhance contextual faithfulness, mitigate hallucinations,
and improve efficiency in challenging environments.

1 INTRODUCTION

Large language models (LLMs) play a central role in modern Al systems, supporting a diverse
range of applications from question answering to scientific research (DeepSeek-Al et al.| 2025}
Zhang et al.| 2025 Wei et al.l 2025). To overcome the limitations of their parametric knowledge,
LLMs are increasingly combined with retrieval-augmented generation (RAG) to access dynamic and
domain-specific information (Guu et al.,[2020). While these integrations enhance model utility, they
also exacerbate the challenge of faithfulness under noisy or adversarial contexts. Here, faithfulness
refers to the ability of a model to remain consistent with external evidence and avoid producing
hallucinations. Despite recent progress, current LLMs still struggle to maintain faithfulness under
imperfect conditions. Contextual information retrieved from the Internet varies in quality and may
contain irrelevant or misleading content, and in some cases, it can be maliciously manipulated. Recent
studies have shown that in such noisy environments, LLM performance drops significantly, producing
hallucinations at a much higher rate (Ming et al., 2025)).

Structured reasoning has emerged as a promising approach to address this challenge. By decomposing
complex tasks into interpretable steps and encouraging models to justify intermediate decisions
through explicit reasoning chains, structured methods help reduce hallucinations. However, its
effectiveness is inherently limited in scenarios involving missing, corrupted, or adversarial inputs,
where even systematic reasoning frameworks cannot guarantee robustness (Turpin et al., 2023}
Xiang et al.}|2024; Xu et al.,|2024). A more insidious challenge arises from error cascades: initial
hallucinations can propagate through subsequent reasoning steps, progressively distorting the entire
inference trajectory (Zhang et al.l 2023; [Feng et al., 2025). As displayed in Figure[I] we categorize
hallucinations in structured reasoning for context-dependent tasks into two types: (i) Input-to-
Trajectory Hallucinations: hallucinations that arise from inconsistencies between the reasoning
trajectory and the input context; and (ii) Intra-Trajectory Hallucinations: errors that occur within the
reasoning trajectory itself. Unlike factual hallucinations, which can often be mitigated by introducing
external information(L1 et al., [2024; |Song et al., |2024), faithfulness hallucinations in structured
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reasoning are deeply embedded in the model’s internal inference mechanisms. As such, they present
a unique challenge for reliable reasoning in LLMs and highlights a core challenge: achieving robust
reasoning under noisy or adversarial contexts remains unresolved.

To address these limitations, we
propose FaithThinker, a reasoning
framework designed to enhance con-
textual faithfulness under noisy or ad-
versarial conditions. At the frame-
work’s core is Self-Questioning
and Verification (SQV), a reason-
ing paradigm inspired by dialecti-
cal thinking. Human reasoning of-
ten progresses by actively question-

Imperfect Context

Jean Pestré was a French Catholic theologian [...] Marcel

Henry( born 30 October 1926) is a politician from Mayotte = <mm—

and a former French senator( 1977-2004) [...]
Do Jean-Martin De Prades and Marcel Henry have the InP.Uf'fo'
same nationality? Traj ecfory

Hallucination
<think>

Step 1: Identify Jean-Martin De Prades' nationality. From the context: <=1
Jean Pestré, or Pestre was an 18th-19th-century French theologian.

Intra-Trajectory
Hallucination
This indicates that Jean-Martin De Prades (or Pestre) was French.

ing aSSllmptiOIlS, COHSiderng Oppos-  Error Step 2: Identify Marcel Henry's nationality. From the context Marcel
ing perspectives and reﬁning conclu- Pl‘OPd- Henry (born 31 October 1926) making he is also French [...] ‘ .
i ga'fion Conclusion: Based on the information provided, both Jean-Martin De Q

sions. SQV operationalizes this pro-
cess within LLMs: at each interme-
diate step, the model explicitly ques-
tions, verifies, and corrects its own
outputs. This single-pass mechanism
mitigates error propagation and pro-
duces more robust reasoning trajecto-
ries without the overhead of iterative
refinement. We further extend SQV
through SQV-Alignment, a method
for transferring SQV capabilities from large to small LLMs. SQV-Alignment employs adversarial
context—-augmented fine-tuning, where training data is constructed to include noisy and misleading re-
trievals. This design equips smaller LLMs with zero-shot SQV reasoning skills, making FaithThinker
efficient and widely applicable in practical settings where computational resources are limited.

Prades and Marcel Henry do have the same nationality, as they are -

both both French.
</think>

Figure 1: When the retrieved context contains inaccuracies
(e.g., malicious name substitutions), the LLLM is prone to
hallucinations, including Input-to-Trajectory Hallucination
and Intra-Trajectory Hallucination. Furthermore, the LLM
propagates this error, producing an incorrect final output.

We conduct extensive evaluations across six benchmark datasets and three distinct model families. Re-
sults show that FaithThinker consistently achieves state-of-the-art robustness in both clean and noisy
conditions. Specifically, compared to vanilla CoT, SQV reduces hallucination rates by up to 24.1%,
19.0%, and 30.6% for Qwen2.5-3B-Instruct (Teaml, 2024}, LLaMA3.1-8B-Instruct (Grattafiori et al.,
2024) and Deepseek-R1 (DeepSeek-Al et al., 2025)), respectively. At the same time, SQV demon-
strates superior reasoning efficiency: it achieves a 4x shorter reasoning path than self-refine—which
relies on iterative feedback—while attaining 10% higher average accuracy, confirming its ability to
produce more precise reasoning trajectories. These comprehensive results validate FaithThinker’s
effectiveness in enhancing contextual faithfulness, mitigating hallucinations, and maintaining robust
reasoning performance even in imperfect contexts, thereby addressing key limitations of existing
structured reasoning approaches. The contributions of this work can be summarized as follows:

* Problem characterization: We investigate the faithfulness challenge in reasoning methods
operating in noisy contexts, identifying two distinct types of hallucinations that undermine
contextual faithfulness in reasoning models: Input-to-Trajectory Hallucinations and (ii)
Intra-Trajectory Hallucinations.

* Methodology: We introduce FaithThinker, a reasoning framework that embeds dialectical
thinking into LLMs. It features a structured reasoning paradigm named SQV that enables
LLMs to iteratively hypothesize, question, verify, and refine intermediate steps within a
single pass. We also provide SQV-Alignment that efficiently transfers SQV capabilities
from large teacher models to smaller student models, thereby narrowing the performance
gap under resource constraints.

* Comprehensive validation: We conduct extensive experiments across a wide range of
benchmarks, and results show that FaithThinker consistently reduces hallucination rates
(up to 30.6 % lower than Chain-of-Thought) and achieves substantially shorter reasoning
trajectories (up to 4x more concise than iterative refinement methods) across model families.
Furthermore, we provide theoretical insights into SQV’s superiority in Appendix
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2 RELATED WORK

2.1 FAITHFULNESS HALLUCINATION

Hallucination in LLMs refers to confident yet incorrect outputs, manifesting either as factual errors
(contradicting real-world knowledge) or faithfulness failures (deviating from the provided context)
(Huang et al., [2025; |Ye et al., [2023)). This issue is particularly critical in tasks such as RAG and
contextual Question Answering (QA), where maintaining faithfulness to the context is essential
for ensuring the reliability and trustworthiness of the generated content (Zhou et al., [2024; Ming
et al., 2025). Recent advances in RAG frameworks have aimed to improve answer reliability.
However, the variability in source quality—such as noisy or contradictory evidence—presents a
significant challenge in maintaining faithfulness in LLMs, especially when multi-hop reasoning
chains are involved. Studies have shown that LLMs, even when fluent and seemingly coherent, often
suffer from faithfulness hallucination, particularly under noisy contexts (Du et al., 2024} Turpin
et al., 2023} Ming et al., [2025). These findings highlight the need for robust methods that ensure
faithful generation in real-world conditions, where knowledge retrieval is imperfect, and intentional
adversarial manipulation is possible.

2.2 STRUCTURED REASONING PATTERNS FOR LLMsS

Traditional methods for mitigating hallucinations, such as external knowledge verification or post-hoc
filtering, only correct errors after text generation, without improving the model’s internal reasoning
capabilities (Bi et al.||2024). As language modeling has evolved beyond simple next-word prediction,
more research has focused on enhancing LLMs’ reasoning capabilities to reduce hallucinations
(Dhuliawala et al.| [2023;|Yu et al.,|2024). Prompting techniques have played a key role in advancing
the reasoning capacities of LLMs. Among these, Chain-of-Thought prompting (Wei et al., [2023)
has emerged as a leading paradigm, inspiring numerous variants such as Least-to-Most (Zhou et al.,
2023) and Auto-CoT (Zhang et al.| 2022). These methods share a common “divide and conquer”
strategy: guiding LLMs to break down complex problems into manageable sub-tasks, solve each step
systematically while documenting the reasoning process, and finally synthesize a coherent answer.
To further advance reasoning performance, current methods can be broadly categorized into the
following two paradigms:

* Single-step Extension: A primary mechanism in single-step extension involves selecting or
voting for the best reasoning path from multiple independently sampled CoT trajectories.
Techniques such as Best-of-N sampling (Cobbe et al., 2021)) and Self-Consistency (Wang
et al. 2023)) exemplify this approach. Further innovations like Tree of Thoughts (ToT)
(Yao et al.,[2023) and Graph of Thoughts (GoT) (Besta et al., [2024)) introduce search-based
schemes to expand the scope and depth of reasoning path exploration. However, these
methods often require predefining a fixed candidate size for each node, which can result in
either redundancy or insufficiency.

* Iterative Optimization-based Extension: These methods enhance reasoning by allowing
models to iteratively critique and revise their own answers. Approaches like Self-Check
(Miao et al.,|2023) and Self-Refine (Madaan et al., [2023)) prompt models to detect and
correct errors using only internal knowledge. However, self-correction is often limited
in reasoning-intensive tasks, where models struggle to identify and rectify errors without
external feedback. Moreover, iterative methods can introduce new mistakes, reducing overall
accuracy (Huang et al.,|2024)). Additionally, these approaches are computationally inefficient
due to the need for multiple reasoning passes.

In summary, neither single-step extension nor iterative optimization-based reasoning methods sig-
nificantly improve the model’s intrinsic reasoning capacity. While these methods may reduce
hallucinations in some contexts, they fall short in ensuring robust, self-correcting reasoning under
real-world conditions, such as imperfect knowledge retrieval and intentional adversarial manipulation.
This highlights the urgent need for more effective methods that can improve faithfulness and reasoning
robustness in challenging environments.
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Figure 2: Illustration of the proposed FaithThinker. (A) Comparison of reasoning patterns. Each
rectangular shape symbolizes a distinct thought. Unlike previous study, SQV integrates the verification
process within each atomic reasoning step, enabling iterative refinement within a single forward
pass. 1, A, V and S represent Thesis, Antithesis, Verification and Synthesis respectively. (B)
SQV integrates the dialectical process into four key stage, employing self-questioning and iterative
verification to refine initial responses and thus achieve robust reasoning. (C) SQV-Alignment that
systematically transfers SQV reasoning proficiency from large teacher LLMs to small student LLMs
integrated with adversarial samples.

3 METHOD

3.1 HALLUCINATION IN CONTEXTUAL REASONING

In context-dependent tasks, the correct prediction or output depends not only on the input query but
also on additional contextual information, which provides essential supporting details (Fan et al.;
2024} Bi et al.,[2024)). Formally, let @ be the input query, C be the context, and Y be the target output.
A context-dependent task is defined as modeling the conditional probability P(Y | @, C). When
integrated with reasoning, the generation process can be formalized by introducing a latent variable
R, representing the reasoning trajectory. Consequently, the probability P(Y | @, C') in contextual
reasoning is then marginalized over all possible R:

PY1Q.0) = [ PO | RQ.C)x P(R| Q.C)aR 0
This formalization allows us to capture the dependencies between the input, context, reasoning
process, and final output, which are crucial for ensuring contextual faithfulness in tasks that involve
complex reasoning chains. While prior research on hallucinations in context-dependent tasks has
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primarily focused on hallucinations in the final output (Ming et al., 2025} |[Huang et al., 2025)), we
extend this investigation to hallucinations within the reasoning process itself. Through failure case
studies (As displayed in Figure [I]), we observed that hallucinations within intermediate reasoning
steps can lead to error cascades, where an early mistake propagates through the reasoning process,
compounding the final output’s inaccuracy.

We consider two core types of hallucinations in contextual reasoning. Input-to-Trajectory Hal-
lucination: This type refers to reasoning steps that are inaccurate or unsupported by the input,
leading to inconsistencies between the context and intermediate reasoning steps. Intra-Trajectory
Hallucination: This refers to logical inconsistencies within reasoning trajectories, where subsequent
reasoning steps contradict each other. Formally, given C' as the input context, and R = [ry, 73, ...7]
as the reasoning trajectory, let Consistent(a, b) represent the binary function indicating logical align-
ment between elements a and b, we define Input-to-Trajectory Hallucination and Intra-Trajectory
Hallucination as follows:

Heoo,rp = 1(3r, € R where Consistent(r, C) = 0), 2)

Hp_ g = 1(3(r;,rj) € R where Consistent(r;,7;) = 0). 3)

The Equation 2] captures the case where a reasoning step ry, is inconsistent with the input context
C, while the Equation [3| defines the situation where two reasoning steps r; and 7; are logically
inconsistent with each other. Unlike factual hallucinations that can often be corrected through
external information, faithfulness hallucinations in structured reasoning stem from fundamental flaws
in the model’s internal inference processes. These errors pose unique challenges for achieving reliable

reasoning in LLMs, as they are intrinsically tied to the model’s reasoning mechanisms rather than
simple knowledge gaps.

3.2 REASONING PATTERN

To address the challenges of faithfulness hallucination and error propagation in context-dependent
reasoning, we propose FaithThinker, a novel reasoning framework that enforces self-questioning and
verification at each intermediate step of the reasoning process. FaithThinker ensures that the model
questions and verifies its reasoning in real-time, preventing errors from propagating and improving
contextual faithfulness throughout the reasoning chain. By adopting this approach, FaithThinker
enhances the model’s ability to reason faithfully in noisy, context-dependent scenarios.

At the heart of FaithThinker is the Self Questioning and Verification (SQV) reasoning pattern.
Drawing inspiration from how humans develop a deeper understanding through the interaction of con-
tradictions and opposing viewpoints in learning, problem-solving, and decision-making (Basseches,
1984} King & Kitchener, |2012)), SQV integrates the dialectical process—commonly understood as the
“thesis-antithesis-synthesis” dynamic—into four key stages, as illustrated in Figure[2] This dialectical
process mirrors the way humans engage with complexity by synthesizing evidence from diverse per-
spectives, avoiding overly simplistic black-and-white reasoning, and refining understanding through
critical self-reflection. Specially, the SQV reasoning pattern involves four key stages:

Thesis : The model generates an initial sub-question decomposition and answers, aligning
with standard Chain-of-Thought reasoning.

Antithesis : For each derived sub-answer, the model engages in critical self-interrogation by for-
mulating opposing challenges (objections) to test the robustness of its initial reasoning.

Verification : The model re-examines the contextual information underlying each challenge, ana-
lyzing relevant evidence to either support or refute the original sub-answer.

Synthesis : Drawing from the insights generated in the previous steps, the model refines its initial
answers, arriving at a well-validated conclusion.

This process closely follows the thesis-antithesis-synthesis framework, which mimics how human
cognition refines beliefs by integrating opposing views and reconciling contradictions. Formally, we
define the reasoning process in terms of the following joint probability, where the model evaluates
each stage of reasoning within the context of the input query (), context C, and the generated
reasoning elements 7" (initial answer), A (objection), V' (verification), and .S (synthesis):

P(Y |Q,C)= // P(Y|S,V,A,T,Q,C)-P(V | A,T,Q,C)-P(A|T,Q,C)-P(T | Q,C)dTdAdV. (4)

Synthesis based on evidence Antithesis Thesis
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This formalization represents the multi-stage reasoning process where the model synthesizes evidence,
critiques its initial answers, verifies the validity of intermediate reasoning steps, and arrives at a
refined conclusion. We additionally provide theoretical insights at Appendix

As in Figure 2] unlike conventional iterative optimization approaches, which require multiple rounds
of answer generation and external verification, SQV integrates the verification process within each
atomic reasoning step. This enables iterative refinement within a single forward pass, decoupling
logical depth from computational overhead. By directly embedding antithesis generation and evidence-
based validation into each sub-question resolution, SQV effectively circumvents the redundancy of
token generation found in methods like Self-Refine, while mitigating the risk of error accumulation.

To guide the LLMs reasoning based on the SQV pattern, we use meta-prompts formatted with
XML tags, which enhances both the interpretability and reasoning quality of the generated content
(Caruccio et al., 2024} |Yamauchi et al.| 2023). These meta-prompts, shown in the Appendix @
instruct the model to reason in alignment with the four stages of SQV, ensuring a structured and
systematic approach to contextual reasoning.

3.3 ADVERSARIAL TRAINING

We formally define a model’s capacity to perform zero-shot SQV-format reasoning directly from
meta-prompts as SQV.,,. Experimental analysis reveals that while larger language models (e.g.,
Deepseek-R1) demonstrate robust SQV,,, capabilities, smaller models exhibit significant perfor-
mance degradation in noisy environments, failing to achieve authentic SQV reasoning (see Appendix
[CI]for detailed analysis). To address this capability gap, we develop an adversarial training procedure
called SQV-Alignment that systematically transfers SQV reasoning proficiency from large teacher
LLMs to small student LLMs. We subsequently define the enhanced reasoning ability achieved
through this alignment process as SQV ajignment-

3.3.1 DATA COLLECTION

To equip smaller reasoning models with the ability to perform SQV reasoning, acquiring appropriate
training data is crucial. Since manually annotating reasoning data is resource-intensive, we leverage
Deepseek-R1, a state-of-the-art large reasoning model, to generate this data. This approach is both
cost-effective and enhances reproducibility, enabling us to systematically collect large-scale training
datasets. Our synthetic data generation process addresses both the input and output aspects of SQV
reasoning (the pseudo-code of the automated pipeline provided in Appendix[B.2).

Regarding Input: To enhance the noise robustness of LLMs, we incorporate noisy contexts into
the fine-tuning data. Specifically, we follow the method in (Ming et al.,|2025) and employ prompt
instructions to guide Deepseek-R1 in generating three types of noisy text: Unanswerable Context,
Inconsistent Context, and Counterfactual Context (Appendix [D.1.T). We then combine these noisy
contexts with randomly selected clean samples from SQuAD to construct the final input contexts
used for training. Regarding Output: For the output generation, Deepseek-R1 is prompted with
specific instructions (detailed in Appendix [B.T)) to produce reasoning traces that follow the SQV
reasoning pattern.

3.3.2 SUPERVISED FINE-TUNING PROCEDURE

During supervised fine-tuning (SFT), the model learns to generate a structured SQV reasoning
sequence Ssqv = (71,72, ..., 'n, y), where each r; = (h, g, e, ¢) represents a reasoning trace. Here,
h denotes the hypothesis, ¢ is the opposing question, e is the evidence, and c is the conclusion.
We use the negative log-likelihood loss function for training: Lgpr = — thsz‘l log P(s¢ | s<t, X),
where s; represents the ¢-th token in the ground-truth sequence .S, and s, refers to all tokens before
position . For computational efficiency, we employ Low-Rank Adaptation (LoRA) (Hu et al., 2021}
during fine-tuning. This method updates only a small number of low-rank parameters inserted into
each layer of the model, while keeping the original pretrained LLM parameters frozen. Through
this fine-tuning procedure, SQV-Alignment trains the model to generate reasoning trajectories that
follow the SQV pattern, thereby improving the contextual faithfulness of the reasoning process and
mitigating hallucinations. This enables the model to perform structured reasoning steps, validate
intermediate outputs, and ensure more reliable conclusions.
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Critically, our goal is to endow the model with the ability to generate reasoning trajectories consistent
with the SQV pattern. While numerous studies have explored integrating Reinforcement Learning
(RL) to enhance reasoning abilities, our experiments reveal two key limitations with RL-based
methods: (1) RL applied after SFT frequently degrades the model’s ability to produce SQV-aligned
reasoning traces. (2) RL-based methods consistently underperformed compared to the supervised
fine-tuning paradigm across both noisy and standard benchmark datasets. Further analysis on this
can be found in Appendix[C.2] As a result, SFT serves as a more efficient and resource-conserving
method for aligning the model’s reasoning capabilities with the SQV pattern.

4 EXPERIMENTS

4.1 EXPERIMENT SETUP

Models and Baselines. We evaluate our method across three scales of reasoning models: two
small LLMs—Qwen2.5-3B-Instruct (Team, 2024) and LLaMA3.1-8B-Instruct (Grattafiori et al.}
2024)—and one large-scale LLM, Deepseek-R1 (DeepSeek-Al et al.,2025). For brevity, we adopt
the abbreviated forms Qwen2.5-3B and LLaMA3.1-8B in subsequent discussions; Additionally,
we compare our SQV pattern against three categories of baselines: 1) Vanilla Chain-of-Thought
(COT)(Wet et al., 2023) reasoning. 2) Iterative Extension Method: Self-Refine(Madaan et al.,
2023)). 3)Single-step Extension Method: Self-Consistency(Wang et al.||2023) and Tree of Thoughts
(ToT)(Yao et al., 2023). Detailed descriptions of each baseline are provided in Appendix

Datasets and Implementation Details. To enable structured reasoning with minimal training over-
head, we prioritize data-efficient format alignment. For noise-robust reasoning model development,
we curate a balanced 1K dataset by sampling 250 instances each from four distinct context categories:
Unanswerable, Inconsistent, Counterfactual, and Normal scenarios, derived from SQuAD(Rajpurkar
et al., [2016). We evaluate model robustness in both noisy and normal contextual environments:
adversarial testing against noisy contexts using three datasets of FaithEval(Ming et al.| 2025) and
ConFiQA(B1 et al., [2024)); to ensure model adaptability and assess generalization to out-of-domain
(OOD) data, we also evaluate its performance on additional open-domain datasets including Trivi-
aQA(Joshi et al.l 2017 and Natural QA(Kwiatkowski et al.,|2019). More implementation details can
be found in the Appendix

Evaluation Metrics. We adopt two primary metrics: 1) Accuracy (Acc), which measures whether
the final generations of the model align with the ground-truth(Asai et al.| 2023)). 2) Hallucination
Rate (Hal), which measures whether the final answer fail to align with the context(Bao et al.||2024).
More details can be found in the Appendix

4.2 MAIN RESULT

Table [T)illustrates the efficacy of our SQV method compared to the baselines in terms of Accuracy
and Hallucination Rate. Notably, SQV achieves the best overall results on all three backbones
compared to other reasoning methods. First, SQV exhibits substantial improvements over alternative
reasoning strategies. It attains an average accuracy of 86.2% on Deepseek-R1, surpassing COT
(69.9%) and Self-Consistency (73.8%) by 16.3% and 12.4%, respectively. Concurrently, SQV
demonstrates significant hallucination reduction efficacy compared to vanilla CoT, achieving average
relative decreases of 10.7% (Qwen2.5-3B), 11.2% (LLaMA3.1-8B), and 16.3% (Deepseek-R1) across
evaluated models, confirming its superior capacity for contextual faithfulness preservation. Second,
while methods like Self-Refine degrade performance compared to vanilla COT in noisy settings—for
instance, reducing Qwen2.5-3B’s performance to 56.6% on unanswerable scenarios (vs. 96.7%
with SQV)—our approach maintains consistent hallucination suppression across models and noisy
scenarios. We further extend our experiments to Qwen2.5-32B-Instruct and Qwen2.5-72B-Instruct
using SQV,,, to investigate the scalability of the SQV reasoning pattern in Appendix

The performance improvement is consistent across all datasets, highlighting both the effectiveness
and the strong generalization of our approach. These results demonstrate that our self questioning
and verification strategy can better guide the reasoning process and mitigate faithfulness
hallucination persisting in LLMs, especially in challenging scenarios where baseline methods
exhibit instability.
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Table 1: Comparative performance (%) of different reasoning methods under noisy and normal
scenarios. The best results achieved using the same backbone model are highlighted in boldface. Cells
significantly better than CoT are colored blue (deeper for greater improvement). Cells highlighted in
purple represent the reduced hallucination rate of SQV compared to CoT.

Method Noisy Context Normal Context
FaithEval-U FaithEval-1 FaithEval-C ConFiQA TriviaQA NQ
Qwen2.5-3B
CoT 88.9+1.2 98.2+0.5 60.2+1.5  62.6x1.4 62.0+1.6 49.6£1.3
Self-Consistency 80.8+1.1 84.8+1.3 65.3x1.4  73.5+1.0 76.3%£1.2 49.0£1.5
ToT 48.7£2.0 72.0+1.8 52717 63213 72.5%1.1 49.8+1.6
Self-Refine 56.6£1.8 83.4+1.4 49.8¢1.9  59.0+1.5 823+09 53.6x1.4
SQV ptignmen (Ours) 96.7+0.3 98.6+0.2 69.7+0.4  79.0+£0.3 86.1+0.3 55.8+0.5
A Compared to Vanilla C. 117.8 104 19.5 1164 124.1 16.2
LLaMA3.1-8B
CoT 72.4+1.3 95.5+0.6 48.4£1.6 57415 684+1.4 52.8+£1.2
Self-Consistency 80.6+1.2 97.240.5 63.0£1.1 66.4+£1.2 77.5¢1.0 55.4%1.3
ToT 34.242.2 44.0+2.0 51.7x1.8  44.0x1.7 63.7£1.5 47.0+1.6
Self-Refine 81.0+1.0 97.1+0.6 56.3x1.3  69.4+1.1 78.8+0.9 52.8+1.4
SQV gtignmen (Ours) 82.6+0.4 97.6+0.3 63.3+0.3 76.4+0.4 82.9+0.3 59.3+0.6
A Compared to Vanilla COT. 110.2 1T 2.1 1T14.9 1719.0 1145 16.5
Deepseek-R1
CoT 65.0+1.4 99.3+0.3 53.7x1.5  72.6x1.3 70.9+1.3 58.2+1.3
Self-Consistency 65.6+1.4 99.3+0.3 59.8+1.4  79.2+1.1 76.8£1.2 62.1x1.2
ToT 76.0+1.3 93.5+1.2 48.6x1.7  54.2+1.6 463+1.8 46.6x1.7
Self-Refine 89.6+0.8 97.3+0.7 46.2+1.8  80.7x1.0 63.1x1.5 55.2%1.5
SQV o (Ours) 95.6+0.2 99.8+0.1 75.1+0.3  93.6+0.2 86.3+0.3 66.8+0.4
A Compared to Vanilla COT. 130.6 10.5 1214 121.0 1T 154 1 8.6

4.3  ANALYSIS

SQYV Enhances the Quality of Reasoning Trajectories Beyond conventional performance metrics,
we extend our analysis to evaluate the quality of reasoning trajectories. To systematically quantify
reasoning trajectory quality, we introduce the Top 10% Group Entropy metric (Appendix [E)) inspired
by (Fu et al.,|2025). Our empirical evaluation compares reasoning trajectories generated by the two
open-source models (Qwen2.5-3B and LLaMA3.1-8B) on the FaithEval-U dataset. As illustrated
in Figure [3] SQV demonstrates consistently lower Top 10% Group Entropy compared to standard
CoT across both architectures, indicating significantly decreased uncertainty and enhanced reasoning
stability. Notably, the observed differences between CoT and SQV trajectories achieve statistical
significance, demonstrating SQV’s superiority in generating high-fidelity reasoning paths.

SQYV Achieves Superior Reasoning Efficiency. We further investigate the relationship between
reasoning efficiency and accuracy across different reasoning patterns, using Deepseek-R1 as the ex-
perimental model. Here, Token Efficiency serves as our efficiency metric (Appendix [E). As illustrated
in Figure[3] baseline methods—including Self-Consistency, Self-Refine, and ToT —achieve moderate
accuracy improvements but incur significant computational overhead and prolonged reasoning time
due to multi-step sampling or iterative answer refinement (Refer to Table [5 for the specific numer-
ical values). In contrast, SQV generates more concise reasoning paths, achieving state-of-the-art
performance in both efficiency and accuracy. Specifically, SQV demonstrates 3x higher reasoning
efficiency than Self-Refine while attaining a 10% higher average accuracy, validating the superiority
of the SQV inference paradigm.

4.4  ABLATION

Training Data Bias. To further investigate potential biases introduced by training data, we conduct
training without SQV-formatted reasoning trajectories on Qwen2.5-3B using the same dataset (im-
plementation details in Appendix [D.5). As shown in Table 2] the influence of training data bias is
minimal: while post-training performance improves on the datasets, gains remain modest compared
to SQV-aligned training. Moreover, without SQV reasoning trajectories, the model exhibits limited
generalization, with performance dropped significantly on TriviaQA, NQ and counterfactual tasks
(For example, accuracy on TriviaQA drops from 86.1% to 52.4%). This stark contrast underscores
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Figure 3: Top 10% Group Entropy Comparison for Qwen2.5-3B and Figure 5: Token Effi-
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Figure 4: Hallucination Score Comparison for Deepseek-R1 on Figure 6: Inference Time
FaithEval-U. vs. Accuracy Across Rea-
soning Patterns.

Table 2: Results (%) of ablation study. The reported results are Acc.

Noisy Context Normal Context

Method FaithEval-U FaithEval-I FaithEval-C ConFiQA TriviaQA NQ
Qwen2.5-3B

SQV alignment 96.7 98.6 69.7 79.0 86.1 55.8

-w/o. SQV Format Alignment  91.3 (-5.4) 98.3 (-0.3) 37.7 (-320)  54.0 (-25.0) 52.4 (-33.7) 39.0 (-16.8)
-w/o. Dialectical Components  81.0 (-15.7)  74.5 (-24.1)  37.7(-:320) 53.4(-256) 57.9 (-282) 41.8 (-14.0)

Deepseek-R1
SQV o 95.6 99.8 75.1 93.6 86.3 66.8
-w/o. Dialectical Components ~ 75.6 (20.0)  99.2 (-0.6)  48.4(-26.7) 66.4 (-272) 68.4 (-17.9) 55.2 (-11.6)

that SQV capability remains the primary driver of performance gains, with format alignment playing
a more critical role than dataset-specific optimization.

Dialectical Components. To further validate the effectiveness of applying thesis-antithesis-
synthesis reasoning at each atomic processing step, we conducted experiments on Qwen2.5-3B
and Deepseek-R1 by replacing the component in the SQV with simplified verification (implementa-
tion details in Appendix [D.5). As demonstrated in Table 2] the absence of the dialectical components
resulted in consistent performance significant degradation across all evaluated datasets, with Qwen2.5-
3B and Deepseek-R1 experiencing a 23.3% and 17.3% decrease in average accuracy respectively.
This empirical evidence substantiates that dialectical thinking patterns critically enhance the model’s
ability to maintain contextual coherence during the reasoning processes.
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5 CONCLUSION

While modern LLMs leverage RAG and external tools to access dynamic, domain-specific knowledge,
their reliability diminishes in noisy or adversarial environments. Hallucinations proliferate when
retrieved contexts are incomplete, misleading, or manipulated, as highlighted by recent studies(Ming
et al., [2025). Structured reasoning methods mitigate this issue by decomposing tasks into inter-
pretable steps but fail to ensure robustness when information is corrupted, leading to cascading errors
in reasoning chains. To bridge these gaps, we propose FaithThinker, a framework that integrates
Self-Questioning and Verification (SQV)—a novel reasoning paradigm inspired by human dialectical
thinking. SQV embeds a single-pass verification mechanism where LLMs actively question, verify,
and refine their intermediate outputs, minimizing error propagation without iterative refinement. Faith-
Thinker further introduces SQV-Alignment, enabling knowledge transfer from large to small LLMs
via adversarial context—augmented fine-tuning. Empirical evaluations across six benchmarks and
three model families validate FaithThinker’s robustness in noisy environments and superior efficiency
gains. By addressing the limitations of existing structured reasoning methods, FaithThinker advances
the deployment of reliable, contextually grounded LLMs in real-world, imperfect environments.
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REPRODUCIBILITY STATEMENT

To ensure the reproducibility of our work, we have taken the following measures: (1) All imple-
mentation details, including model architectures, evaluation datasets, hyperparameters, and training
procedures, are comprehensively documented in Section [4.1] and Appendix [D} (2) The synthetic
dataset generation process is fully specified in Section[3.3.1| with additional pseudo-code provided in
Appendix (3) Our downloadable source code has been submitted as supplementary material.

REFERENCES

Akari Asai, Zeqiu Wu, Yizhong Wang, Avirup Sil, and Hannaneh Hajishirzi. Self-rag: Learning
to retrieve, generate, and critique through self-reflection, 2023. URL https://arxiv.org/
abs/2310.11511.

Forrest Bao, Miaoran Li, Rogger Luo, and Ofer Mendelevitch. HHEM-2.1-Open, 2024. URL
https://huggingface.co/vectara/hallucination_evaluation_model.

Michael Basseches. Dialectical thinking and adult development. 1984. URL https://api.
semanticscholar.org/CorpusID:145352794,

Maciej Besta, Nils Blach, Ales Kubicek, Robert Gerstenberger, Michal Podstawski, Lukas Gianinazzi,
Joanna Gajda, Tomasz Lehmann, Hubert Niewiadomski, Piotr Nyczyk, and Torsten Hoefler. Graph
of thoughts: Solving elaborate problems with large language models. Proceedings of the AAAI
Conference on Artificial Intelligence, 38(16):17682—17690, March 2024. ISSN 2159-5399. doi: 10.
1609/aaai.v38i16.29720. URL http://dx.doi.org/10.1609/aaai.v38116.29720.

Baolong Bi, Shaohan Huang, Yiwei Wang, Tianchi Yang, Zihan Zhang, Haizhen Huang, Lingrui
Mei, Junfeng Fang, Zehao Li, Furu Wei, Weiwei Deng, Feng Sun, Qi Zhang, and Shenghua
Liu. Context-dpo: Aligning language models for context-faithfulness, 2024. URL https:
//arxiv.org/abs/2412.15280.

Loredana Caruccio, Stefano Cirillo, Giuseppe Polese, Giandomenico Solimando, Shanmugam Sun-
daramurthy, and Genoveffa Tortora. Claude 2.0 large language model: Tackling a real-world
classification problem with a new iterative prompt engineering approach. Intelligent Systems
with Applications, 21:200336, 2024. ISSN 2667-3053. doi: https://doi.org/10.1016/j.iswa.
2024.200336. URL https://www.sciencedirect.com/science/article/pii/
S2667305324000127.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian, Mark Chen, Heewoo Jun, Lukasz Kaiser,
Matthias Plappert, Jerry Tworek, Jacob Hilton, Reiichiro Nakano, Christopher Hesse, and John
Schulman. Training verifiers to solve math word problems, 2021. URL https://arxiv.org/
abs/2110.14168.

DeepSeek-Al, Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Ruoyu Zhang, Runxin Xu,
Qihao Zhu, Shirong Ma, Peiyi Wang, Xiao Bi, Xiaokang Zhang, Xingkai Yu, Yu Wu, Z. F. Wu,
Zhibin Gou, Zhihong Shao, Zhuoshu Li, Ziyi Gao, Aixin Liu, Bing Xue, Bingxuan Wang, Bochao
Wu, Bei Feng, Chengda Lu, Chenggang Zhao, Chengqi Deng, Chenyu Zhang, Chong Ruan,
Damai Dai, Deli Chen, Dongjie Ji, Erhang Li, Fangyun Lin, Fucong Dai, Fuli Luo, Guangbo Hao,
Guanting Chen, Guowei Li, H. Zhang, Han Bao, Hanwei Xu, Haocheng Wang, Honghui Ding,
Huajian Xin, Huazuo Gao, Hui Qu, Hui Li, Jianzhong Guo, Jiashi Li, Jiawei Wang, Jingchang
Chen, Jingyang Yuan, Junjie Qiu, Junlong Li, J. L. Cai, Jiaqi Ni, Jian Liang, Jin Chen, Kai Dong,
Kai Hu, Kaige Gao, Kang Guan, Kexin Huang, Kuai Yu, Lean Wang, Lecong Zhang, Liang Zhao,
Litong Wang, Liyue Zhang, Lei Xu, Leyi Xia, Mingchuan Zhang, Minghua Zhang, Minghui Tang,
Meng Li, Miaojun Wang, Mingming Li, Ning Tian, Panpan Huang, Peng Zhang, Qiancheng Wang,
Qinyu Chen, Qiushi Du, Ruiqi Ge, Ruisong Zhang, Ruizhe Pan, Runji Wang, R. J. Chen, R. L.
Jin, Ruyi Chen, Shanghao Lu, Shangyan Zhou, Shanhuang Chen, Shengfeng Ye, Shiyu Wang,
Shuiping Yu, Shunfeng Zhou, Shuting Pan, S. S. Li, Shuang Zhou, Shaoqing Wu, Shengfeng
Ye, Tao Yun, Tian Pei, Tianyu Sun, T. Wang, Wangding Zeng, Wanjia Zhao, Wen Liu, Wenfeng
Liang, Wenjun Gao, Wenqin Yu, Wentao Zhang, W. L. Xiao, Wei An, Xiaodong Liu, Xiaohan
Wang, Xiaokang Chen, Xiaotao Nie, Xin Cheng, Xin Liu, Xin Xie, Xingchao Liu, Xinyu Yang,
Xinyuan Li, Xuecheng Su, Xuheng Lin, X. Q. Li, Xiangyue Jin, Xiaojin Shen, Xiaosha Chen,

11


https://arxiv.org/abs/2310.11511
https://arxiv.org/abs/2310.11511
https://huggingface.co/vectara/hallucination_evaluation_model
https://api.semanticscholar.org/CorpusID:145352794
https://api.semanticscholar.org/CorpusID:145352794
http://dx.doi.org/10.1609/aaai.v38i16.29720
https://arxiv.org/abs/2412.15280
https://arxiv.org/abs/2412.15280
https://www.sciencedirect.com/science/article/pii/S2667305324000127
https://www.sciencedirect.com/science/article/pii/S2667305324000127
https://arxiv.org/abs/2110.14168
https://arxiv.org/abs/2110.14168

Under review as a conference paper at ICLR 2026

Xiaowen Sun, Xiaoxiang Wang, Xinnan Song, Xinyi Zhou, Xianzu Wang, Xinxia Shan, Y. K. Li,
Y. Q. Wang, Y. X. Wei, Yang Zhang, Yanhong Xu, Yao Li, Yao Zhao, Yaofeng Sun, Yaohui Wang,
Yi Yu, Yichao Zhang, Yifan Shi, Yiliang Xiong, Ying He, Yishi Piao, Yisong Wang, Yixuan Tan,
Yiyang Ma, Yiyuan Liu, Yongqiang Guo, Yuan Ou, Yuduan Wang, Yue Gong, Yuheng Zou, Yujia
He, Yunfan Xiong, Yuxiang Luo, Yuxiang You, Yuxuan Liu, Yuyang Zhou, Y. X. Zhu, Yanhong
Xu, Yanping Huang, Yaohui Li, Yi Zheng, Yuchen Zhu, Yunxian Ma, Ying Tang, Yukun Zha,
Yuting Yan, Z. Z. Ren, Zehui Ren, Zhangli Sha, Zhe Fu, Zhean Xu, Zhenda Xie, Zhengyan Zhang,
Zhewen Hao, Zhicheng Ma, Zhigang Yan, Zhiyu Wu, Zihui Gu, Zijia Zhu, Zijun Liu, Zilin Li,
Ziwei Xie, Ziyang Song, Zizheng Pan, Zhen Huang, Zhipeng Xu, Zhongyu Zhang, and Zhen
Zhang. Deepseek-rl: Incentivizing reasoning capability in llms via reinforcement learning, 2025.
URL https://arxiv.org/abs/2501.12948.

Shehzaad Dhuliawala, Mojtaba Komeili, Jing Xu, Roberta Raileanu, Xian Li, Asli Celikyilmaz, and
Jason Weston. Chain-of-verification reduces hallucination in large language models, 2023. URL
https://arxiv.org/abs/2309.11495.

Kevin Du, Vésteinn Sne@bjarnarson, Niklas Stoehr, Jennifer C. White, Aaron Schein, and Ryan
Cotterell. Context versus prior knowledge in language models, 2024. URL https://arxiv,
org/abs/2404.04633.

Yuqing Du, Olivia Watkins, Zihan Wang, Cédric Colas, Trevor Darrell, Pieter Abbeel, Abhishek
Gupta, and Jacob Andreas. Guiding pretraining in reinforcement learning with large language
models, 2023. URL https://arxiv.org/abs/2302.06692.

Ekaterina Fadeeva, Aleksandr Rubashevskii, Artem Shelmanov, Sergey Petrakov, Haonan Li, Hamdy
Mubarak, Evgenii Tsymbalov, Gleb Kuzmin, Alexander Panchenko, Timothy Baldwin, Preslav
Nakov, and Maxim Panov. Fact-checking the output of large language models via token-level
uncertainty quantification, 2024. URL https://arxiv.org/abs/2403.04696.

Wengqi Fan, Yujuan Ding, Liangbo Ning, Shijie Wang, Hengyun Li, Dawei Yin, Tat-Seng Chua, and
Qing Li. A survey on rag meeting llms: Towards retrieval-augmented large language models, 2024.
URL https://arxiv.org/abs/2405.06211.

Yiyang Feng, Yichen Wang, Shaobo Cui, Boi Faltings, Mina Lee, and Jiawei Zhou. Unraveling
misinformation propagation in llm reasoning, 2025. URL https://arxiv.org/abs/2505,
18555.

Yichao Fu, Xuewei Wang, Yuandong Tian, and Jiawei Zhao. Deep think with confidence, 2025. URL
https://arxiv.org/abs/2508.15260.

Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, Abhishek Kadian, Ahmad
Al-Dahle, Aiesha Letman, Akhil Mathur, Alan Schelten, Alex Vaughan, Amy Yang, Angela Fan,
Anirudh Goyal, Anthony Hartshorn, Aobo Yang, Archi Mitra, Archie Sravankumar, Artem Korenev,
Arthur Hinsvark, Arun Rao, Aston Zhang, Aurelien Rodriguez, Austen Gregerson, Ava Spataru,
Baptiste Roziere, Bethany Biron, Binh Tang, Bobbie Chern, Charlotte Caucheteux, Chaya Nayak,
Chloe Bi, Chris Marra, Chris McConnell, Christian Keller, Christophe Touret, Chunyang Wu,
Corinne Wong, Cristian Canton Ferrer, Cyrus Nikolaidis, Damien Allonsius, Daniel Song, Danielle
Pintz, Danny Livshits, Danny Wyatt, David Esiobu, Dhruv Choudhary, Dhruv Mahajan, Diego
Garcia-Olano, Diego Perino, Dieuwke Hupkes, Egor Lakomkin, Ehab AlBadawy, Elina Lobanova,
Emily Dinan, Eric Michael Smith, Filip Radenovic, Francisco Guzman, Frank Zhang, Gabriel
Synnaeve, Gabrielle Lee, Georgia Lewis Anderson, Govind Thattai, Graeme Nail, Gregoire Mialon,
Guan Pang, Guillem Cucurell, Hailey Nguyen, Hannah Korevaar, Hu Xu, Hugo Touvron, Iliyan
Zarov, Imanol Arrieta Ibarra, Isabel Kloumann, Ishan Misra, Ivan Evtimov, Jack Zhang, Jade Copet,
Jaewon Lee, Jan Geffert, Jana Vranes, Jason Park, Jay Mahadeokar, Jeet Shah, Jelmer van der Linde,
Jennifer Billock, Jenny Hong, Jenya Lee, Jeremy Fu, Jianfeng Chi, Jianyu Huang, Jiawen Liu, Jie
Wang, Jiecao Yu, Joanna Bitton, Joe Spisak, Jongsoo Park, Joseph Rocca, Joshua Johnstun, Joshua
Saxe, Junteng Jia, Kalyan Vasuden Alwala, Karthik Prasad, Kartikeya Upasani, Kate Plawiak,
Ke Li, Kenneth Heafield, Kevin Stone, Khalid El-Arini, Krithika Iyer, Kshitiz Malik, Kuenley
Chiu, Kunal Bhalla, Kushal Lakhotia, Lauren Rantala-Yeary, Laurens van der Maaten, Lawrence
Chen, Liang Tan, Liz Jenkins, Louis Martin, Lovish Madaan, Lubo Malo, Lukas Blecher, Lukas
Landzaat, Luke de Oliveira, Madeline Muzzi, Mahesh Pasupuleti, Mannat Singh, Manohar Paluri,

12


https://arxiv.org/abs/2501.12948
https://arxiv.org/abs/2309.11495
https://arxiv.org/abs/2404.04633
https://arxiv.org/abs/2404.04633
https://arxiv.org/abs/2302.06692
https://arxiv.org/abs/2403.04696
https://arxiv.org/abs/2405.06211
https://arxiv.org/abs/2505.18555
https://arxiv.org/abs/2505.18555
https://arxiv.org/abs/2508.15260

Under review as a conference paper at ICLR 2026

Marcin Kardas, Maria Tsimpoukelli, Mathew Oldham, Mathieu Rita, Maya Pavlova, Melanie
Kambadur, Mike Lewis, Min Si, Mitesh Kumar Singh, Mona Hassan, Naman Goyal, Narjes
Torabi, Nikolay Bashlykov, Nikolay Bogoychev, Niladri Chatterji, Ning Zhang, Olivier Duchenne,
Onur Celebi, Patrick Alrassy, Pengchuan Zhang, Pengwei Li, Petar Vasic, Peter Weng, Prajjwal
Bhargava, Pratik Dubal, Praveen Krishnan, Punit Singh Koura, Puxin Xu, Qing He, Qingxiao Dong,
Ragavan Srinivasan, Raj Ganapathy, Ramon Calderer, Ricardo Silveira Cabral, Robert Stojnic,
Roberta Raileanu, Rohan Maheswari, Rohit Girdhar, Rohit Patel, Romain Sauvestre, Ronnie
Polidoro, Roshan Sumbaly, Ross Taylor, Ruan Silva, Rui Hou, Rui Wang, Saghar Hosseini, Sahana
Chennabasappa, Sanjay Singh, Sean Bell, Seohyun Sonia Kim, Sergey Edunov, Shaoliang Nie,
Sharan Narang, Sharath Raparthy, Sheng Shen, Shengye Wan, Shruti Bhosale, Shun Zhang, Simon
Vandenhende, Soumya Batra, Spencer Whitman, Sten Sootla, Stephane Collot, Suchin Gururangan,
Sydney Borodinsky, Tamar Herman, Tara Fowler, Tarek Sheasha, Thomas Georgiou, Thomas
Scialom, Tobias Speckbacher, Todor Mihaylov, Tong Xiao, Ujjwal Karn, Vedanuj Goswami,
Vibhor Gupta, Vignesh Ramanathan, Viktor Kerkez, Vincent Gonguet, Virginie Do, Vish Vogeti,
Vitor Albiero, Vladan Petrovic, Weiwei Chu, Wenhan Xiong, Wenyin Fu, Whitney Meers, Xavier
Martinet, Xiaodong Wang, Xiaofang Wang, Xiaoqing Ellen Tan, Xide Xia, Xinfeng Xie, Xuchao
Jia, Xuewei Wang, Yaelle Goldschlag, Yashesh Gaur, Yasmine Babaei, Yi Wen, Yiwen Song,
Yuchen Zhang, Yue Li, Yuning Mao, Zacharie Delpierre Coudert, Zheng Yan, Zhengxing Chen, Zoe
Papakipos, Aaditya Singh, Aayushi Srivastava, Abha Jain, Adam Kelsey, Adam Shajnfeld, Adithya
Gangidi, Adolfo Victoria, Ahuva Goldstand, Ajay Menon, Ajay Sharma, Alex Boesenberg, Alexei
Baevski, Allie Feinstein, Amanda Kallet, Amit Sangani, Amos Teo, Anam Yunus, Andrei Lupu,
Andres Alvarado, Andrew Caples, Andrew Gu, Andrew Ho, Andrew Poulton, Andrew Ryan, Ankit
Ramchandani, Annie Dong, Annie Franco, Anuj Goyal, Aparajita Saraf, Arkabandhu Chowdhury,
Ashley Gabriel, Ashwin Bharambe, Assaf Eisenman, Azadeh Yazdan, Beau James, Ben Maurer,
Benjamin Leonhardi, Bernie Huang, Beth Loyd, Beto De Paola, Bhargavi Paranjape, Bing Liu,
Bo Wu, Boyu Ni, Braden Hancock, Bram Wasti, Brandon Spence, Brani Stojkovic, Brian Gamido,
Britt Montalvo, Carl Parker, Carly Burton, Catalina Mejia, Ce Liu, Changhan Wang, Changkyu
Kim, Chao Zhou, Chester Hu, Ching-Hsiang Chu, Chris Cai, Chris Tindal, Christoph Feichtenhofer,
Cynthia Gao, Damon Civin, Dana Beaty, Daniel Kreymer, Daniel Li, David Adkins, David Xu,
Davide Testuggine, Delia David, Devi Parikh, Diana Liskovich, Didem Foss, Dingkang Wang, Duc
Le, Dustin Holland, Edward Dowling, Eissa Jamil, Elaine Montgomery, Eleonora Presani, Emily
Hahn, Emily Wood, Eric-Tuan Le, Erik Brinkman, Esteban Arcaute, Evan Dunbar, Evan Smothers,
Fei Sun, Felix Kreuk, Feng Tian, Filippos Kokkinos, Firat Ozgenel, Francesco Caggioni, Frank
Kanayet, Frank Seide, Gabriela Medina Florez, Gabriella Schwarz, Gada Badeer, Georgia Swee,
Gil Halpern, Grant Herman, Grigory Sizov, Guangyi, Zhang, Guna Lakshminarayanan, Hakan Inan,
Hamid Shojanazeri, Han Zou, Hannah Wang, Hanwen Zha, Haroun Habeeb, Harrison Rudolph,
Helen Suk, Henry Aspegren, Hunter Goldman, Hongyuan Zhan, Ibrahim Damlaj, Igor Molybog,
Igor Tufanov, Ilias Leontiadis, Irina-Elena Veliche, Itai Gat, Jake Weissman, James Geboski, James
Kohli, Janice Lam, Japhet Asher, Jean-Baptiste Gaya, Jeff Marcus, Jeff Tang, Jennifer Chan, Jenny
Zhen, Jeremy Reizenstein, Jeremy Teboul, Jessica Zhong, Jian Jin, Jingyi Yang, Joe Cummings,
Jon Carvill, Jon Shepard, Jonathan McPhie, Jonathan Torres, Josh Ginsburg, Junjie Wang, Kai
Wu, Kam Hou U, Karan Saxena, Kartikay Khandelwal, Katayoun Zand, Kathy Matosich, Kaushik
Veeraraghavan, Kelly Michelena, Kegian Li, Kiran Jagadeesh, Kun Huang, Kunal Chawla, Kyle
Huang, Lailin Chen, Lakshya Garg, Lavender A, Leandro Silva, Lee Bell, Lei Zhang, Liangpeng
Guo, Licheng Yu, Liron Moshkovich, Luca Wehrstedt, Madian Khabsa, Manav Avalani, Manish
Bhatt, Martynas Mankus, Matan Hasson, Matthew Lennie, Matthias Reso, Maxim Groshev, Maxim
Naumov, Maya Lathi, Meghan Keneally, Miao Liu, Michael L. Seltzer, Michal Valko, Michelle
Restrepo, Mihir Patel, Mik Vyatskov, Mikayel Samvelyan, Mike Clark, Mike Macey, Mike Wang,
Miquel Jubert Hermoso, Mo Metanat, Mohammad Rastegari, Munish Bansal, Nandhini Santhanam,
Natascha Parks, Natasha White, Navyata Bawa, Nayan Singhal, Nick Egebo, Nicolas Usunier,
Nikhil Mehta, Nikolay Pavlovich Laptev, Ning Dong, Norman Cheng, Oleg Chernoguz, Olivia
Hart, Omkar Salpekar, Ozlem Kalinli, Parkin Kent, Parth Parekh, Paul Saab, Pavan Balaji, Pedro
Rittner, Philip Bontrager, Pierre Roux, Piotr Dollar, Polina Zvyagina, Prashant Ratanchandani,
Pritish Yuvraj, Qian Liang, Rachad Alao, Rachel Rodriguez, Rafi Ayub, Raghotham Murthy,
Raghu Nayani, Rahul Mitra, Rangaprabhu Parthasarathy, Raymond Li, Rebekkah Hogan, Robin
Battey, Rocky Wang, Russ Howes, Ruty Rinott, Sachin Mehta, Sachin Siby, Sai Jayesh Bondu,
Samyak Datta, Sara Chugh, Sara Hunt, Sargun Dhillon, Sasha Sidorov, Satadru Pan, Saurabh
Mahajan, Saurabh Verma, Seiji Yamamoto, Sharadh Ramaswamy, Shaun Lindsay, Shaun Lindsay,
Sheng Feng, Shenghao Lin, Shengxin Cindy Zha, Shishir Patil, Shiva Shankar, Shugiang Zhang,

13



Under review as a conference paper at ICLR 2026

Shugiang Zhang, Sinong Wang, Sneha Agarwal, Soji Sajuyigbe, Soumith Chintala, Stephanie
Max, Stephen Chen, Steve Kehoe, Steve Satterfield, Sudarshan Govindaprasad, Sumit Gupta,
Summer Deng, Sungmin Cho, Sunny Virk, Suraj Subramanian, Sy Choudhury, Sydney Goldman,
Tal Remez, Tamar Glaser, Tamara Best, Thilo Koehler, Thomas Robinson, Tianhe Li, Tianjun
Zhang, Tim Matthews, Timothy Chou, Tzook Shaked, Varun Vontimitta, Victoria Ajayi, Victoria
Montanez, Vijai Mohan, Vinay Satish Kumar, Vishal Mangla, Vlad Ionescu, Vlad Poenaru,
Vlad Tiberiu Mihailescu, Vladimir Ivanov, Wei Li, Wenchen Wang, Wenwen Jiang, Wes Bouaziz,
Will Constable, Xiaocheng Tang, Xiaojian Wu, Xiaolan Wang, Xilun Wu, Xinbo Gao, Yaniv
Kleinman, Yanjun Chen, Ye Hu, Ye Jia, Ye Qi, Yenda Li, Yilin Zhang, Ying Zhang, Yossi Adi,
Youngjin Nam, Yu, Wang, Yu Zhao, Yuchen Hao, Yundi Qian, Yunlu Li, Yuzi He, Zach Rait,
Zachary DeVito, Zef Rosnbrick, Zhaoduo Wen, Zhenyu Yang, Zhiwei Zhao, and Zhiyu Ma. The
llama 3 herd of models, 2024. URL https://arxiv.org/abs/2407.21783.

Kelvin Guu, Kenton Lee, Zora Tung, Panupong Pasupat, and Ming-Wei Chang. Realm: Retrieval-
augmented language model pre-training, 2020. URL https://arxiv.org/abs/2002.
08909.

Edward J. Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
and Weizhu Chen. Lora: Low-rank adaptation of large language models, 2021. URL https:
//arxiv.org/abs/2106.09685.

Jie Huang, Xinyun Chen, Swaroop Mishra, Huaixiu Steven Zheng, Adams Wei Yu, Xinying Song,
and Denny Zhou. Large language models cannot self-correct reasoning yet, 2024. URL https:
//arxiv.org/abs/2310.01798.

Lei Huang, Weijiang Yu, Weitao Ma, Weihong Zhong, Zhangyin Feng, Haotian Wang, Qianglong
Chen, Weihua Peng, Xiaocheng Feng, Bing Qin, and Ting Liu. A survey on hallucination in large
language models: Principles, taxonomy, challenges, and open questions. ACM Transactions on
Information Systems, 43(2):1-55, January 2025. ISSN 1558-2868. doi: 10.1145/3703155. URL
http://dx.doi.org/10.1145/3703155.

Mandar Joshi, Eunsol Choi, Daniel Weld, and Luke Zettlemoyer. TriviaQA: A large scale
distantly supervised challenge dataset for reading comprehension. In Regina Barzilay and
Min-Yen Kan (eds.), Proceedings of the 55th Annual Meeting of the Association for Com-
putational Linguistics (Volume 1: Long Papers), pp. 1601-1611, Vancouver, Canada, July
2017. Association for Computational Linguistics. doi: 10.18653/v1/P17-1147. URL https:
//aclanthology.orqg/P17-1147/.

Zhewei Kang, Xuandong Zhao, and Dawn Song. Scalable best-of-n selection for large language
models via self-certainty, 2025. URL https://arxiv.org/abs/2502.18581.

Patricia M King and Karen Strohm Kitchener. The reflective judgment model: Twenty years of
research on epistemic cognition. Personal epistemology, pp. 37-61, 2012.

Tom Kwiatkowski, Jennimaria Palomaki, Olivia Redfield, Michael Collins, Ankur Parikh, Chris
Alberti, Danielle Epstein, Illia Polosukhin, Jacob Devlin, Kenton Lee, Kristina Toutanova, Llion
Jones, Matthew Kelcey, Ming-Wei Chang, Andrew M. Dai, Jakob Uszkoreit, Quoc Le, and Slav
Petrov. Natural questions: A benchmark for question answering research. Transactions of the
Association for Computational Linguistics, 7:452-466, 2019. doi: 10.1162/tacl_a_00276. URL
https://aclanthology.org/Q19-1026/.

Jiarui Li, Ye Yuan, and Zehua Zhang. Enhancing llm factual accuracy with rag to counter hal-
lucinations: A case study on domain-specific queries in private knowledge-bases, 2024. URL
https://arxiv.org/abs/2403.10446.

Aman Madaan, Niket Tandon, Prakhar Gupta, Skyler Hallinan, Luyu Gao, Sarah Wiegreffe, Uri Alon,
Nouha Dziri, Shrimai Prabhumoye, Yiming Yang, Shashank Gupta, Bodhisattwa Prasad Majumder,
Katherine Hermann, Sean Welleck, Amir Yazdanbakhsh, and Peter Clark. Self-refine: Iterative
refinement with self-feedback, 2023. URL https://arxiv.org/abs/2303.17651.

Ning Miao, Yee Whye Teh, and Tom Rainforth. Selfcheck: Using llms to zero-shot check their own
step-by-step reasoning, 2023. URL https://arxiv.org/abs/2308.00436.

14


https://arxiv.org/abs/2407.21783
https://arxiv.org/abs/2002.08909
https://arxiv.org/abs/2002.08909
https://arxiv.org/abs/2106.09685
https://arxiv.org/abs/2106.09685
https://arxiv.org/abs/2310.01798
https://arxiv.org/abs/2310.01798
http://dx.doi.org/10.1145/3703155
https://aclanthology.org/P17-1147/
https://aclanthology.org/P17-1147/
https://arxiv.org/abs/2502.18581
https://aclanthology.org/Q19-1026/
https://arxiv.org/abs/2403.10446
https://arxiv.org/abs/2303.17651
https://arxiv.org/abs/2308.00436

Under review as a conference paper at ICLR 2026

Ibomoiye Domor Mienye and Yanxia Sun. A survey of ensemble learning: Concepts, algorithms,
applications, and prospects. IEEE Access, 10:99129-99149, 2022. doi: 10.1109/ACCESS.2022.
3207287.

Yifei Ming, Senthil Purushwalkam, Shrey Pandit, Zixuan Ke, Xuan-Phi Nguyen, Caiming Xiong,
and Shafiq Joty. Faitheval: Can your language model stay faithful to context, even if “the moon is
made of marshmallows”, 2025. URL https://arxiv.org/abs/2410.03727.

Long Ouyang, Jeff Wu, Xu Jiang, Diogo Almeida, Carroll L. Wainwright, Pamela Mishkin, Chong
Zhang, Sandhini Agarwal, Katarina Slama, Alex Ray, John Schulman, Jacob Hilton, Fraser Kelton,
Luke Miller, Maddie Simens, Amanda Askell, Peter Welinder, Paul Christiano, Jan Leike, and
Ryan Lowe. Training language models to follow instructions with human feedback, 2022. URL
https://arxiv.org/abs/2203.02155.

Rafael Rafailov, Archit Sharma, Eric Mitchell, Stefano Ermon, Christopher D. Manning, and Chelsea
Finn. Direct preference optimization: Your language model is secretly a reward model, 2024. URL
https://arxiv.org/abs/2305.18290.

Pranav Rajpurkar, Jian Zhang, Konstantin Lopyrev, and Percy Liang. Squad: 100,000+ questions for
machine comprehension of text, 2016. URL https://arxiv.org/abs/1606.05250.

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu, Junxiao Song, Xiao Bi, Haowei Zhang,
Mingchuan Zhang, Y. K. Li, Y. Wu, and Daya Guo. Deepseekmath: Pushing the limits of
mathematical reasoning in open language models, 2024. URL https://arxiv.org/abs/
2402.03300.

Juntong Song, Xingguang Wang, Juno Zhu, Yuanhao Wu, Xuxin Cheng, Randy Zhong, and Cheng
Niu. RAG-HAT: A hallucination-aware tuning pipeline for LLM in retrieval-augmented generation.
In Franck Dernoncourt, Daniel Preotiuc-Pietro, and Anastasia Shimorina (eds.), Proceedings of
the 2024 Conference on Empirical Methods in Natural Language Processing: Industry Track,
pp- 1548-1558, Miami, Florida, US, November 2024. Association for Computational Linguistics.
doi: 10.18653/v1/2024.emnlp-industry.113. URL |https://aclanthology.org/2024,
emnlp-industry.113/.

Qwen Team. Qwen2.5: A party of foundation models, September 2024. URL https://gwenlm,
github.io/blog/gqwen2.5/.

Miles Turpin, Julian Michael, Ethan Perez, and Samuel R. Bowman. Language models don’t
always say what they think: Unfaithful explanations in chain-of-thought prompting, 2023. URL
https://arxiv.org/abs/2305.04388.

Xuezhi Wang, Jason Wei, Dale Schuurmans, Quoc Le, Ed Chi, Sharan Narang, Aakanksha Chowdh-
ery, and Denny Zhou. Self-consistency improves chain of thought reasoning in language models,
2023. URL https://arxiv.org/abs/2203.11171l

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten Bosma, Brian Ichter, Fei Xia, Ed Chi, Quoc Le,
and Denny Zhou. Chain-of-thought prompting elicits reasoning in large language models, 2023.
URL https://arxiv.org/abs/2201.11903.

Jiaqi Wei, Yuejin Yang, Xiang Zhang, Yuhan Chen, Xiang Zhuang, Zhangyang Gao, Dongzhan Zhou,
Guangshuai Wang, Zhigiang Gao, Juntai Cao, Zijie Qiu, Xuming He, Qiang Zhang, Chenyu You,
Shuangjia Zheng, Ning Ding, Wanli Ouyang, Nanqing Dong, Yu Cheng, Siqi Sun, Lei Bai, and
Bowen Zhou. From Al for science to agentic science: A survey on autonomous scientific discovery.
CoRR, abs/2508.14111, 2025.

Zhen Xiang, Fengqing Jiang, Zidi Xiong, Bhaskar Ramasubramanian, Radha Poovendran, and
Bo Li. Badchain: Backdoor chain-of-thought prompting for large language models. In NeurIPS
2023 Workshop on Backdoors in Deep Learning - The Good, the Bad, and the Ugly, 2024. URL
https://openreview.net/forum?id=S4cYXINzjp.

Xilie Xu, Keyi Kong, Ning Liu, Lizhen Cui, Di Wang, Jingfeng Zhang, and Mohan Kankanhalli.
An LLM can fool itself: A prompt-based adversarial attack. In The Twelfth International Confer-
ence on Learning Representations, 2024. URL |https://openreview.net/forum?id=
VVgGbBITNV.

15


https://arxiv.org/abs/2410.03727
https://arxiv.org/abs/2203.02155
https://arxiv.org/abs/2305.18290
https://arxiv.org/abs/1606.05250
https://arxiv.org/abs/2402.03300
https://arxiv.org/abs/2402.03300
https://aclanthology.org/2024.emnlp-industry.113/
https://aclanthology.org/2024.emnlp-industry.113/
https://qwenlm.github.io/blog/qwen2.5/
https://qwenlm.github.io/blog/qwen2.5/
https://arxiv.org/abs/2305.04388
https://arxiv.org/abs/2203.11171
https://arxiv.org/abs/2201.11903
https://openreview.net/forum?id=S4cYxINzjp
https://openreview.net/forum?id=VVgGbB9TNV
https://openreview.net/forum?id=VVgGbB9TNV

Under review as a conference paper at ICLR 2026

Ryutaro Yamauchi, Sho Sonoda, Akiyoshi Sannai, and Wataru Kumagai. Lpml: LIm-prompting
markup language for mathematical reasoning, 2023. URL https://arxiv.org/abs/2309,
13078

Shunyu Yao, Dian Yu, Jeffrey Zhao, Izhak Shafran, Thomas L. Griffiths, Yuan Cao, and Karthik
Narasimhan. Tree of thoughts: Deliberate problem solving with large language models, 2023.
URL https://arxiv.org/abs/2305.10601.

Hongbin Ye, Tong Liu, Aijia Zhang, Wei Hua, and Weiqiang Jia. Cognitive mirage: A review
of hallucinations in large language models, 2023. URL https://arxiv.org/abs/2309,
06794.

Wenhao Yu, Hongming Zhang, Xiaoman Pan, Kaixin Ma, Hongwei Wang, and Dong Yu. Chain-
of-note: Enhancing robustness in retrieval-augmented language models, 2024. URL https:
//arxiv.org/abs/2311.09210.

Muru Zhang, Ofir Press, William Merrill, Alisa Liu, and Noah A. Smith. How language model
hallucinations can snowball, 2023. URL https://arxiv.org/abs/2305.13534,

Qiang Zhang, Keyan Ding, Tianwen Lv, Xinda Wang, Qingyu Yin, Yiwen Zhang, Jing Yu, Yuhao
Wang, Xiaotong Li, Zhuoyi Xiang, et al. Scientific large language models: A survey on biological
& chemical domains. ACM Computing Surveys, 57(6):1-38, 2025.

Zhuosheng Zhang, Aston Zhang, Mu Li, and Alex Smola. Automatic chain of thought prompting in
large language models, 2022. URL https://arxiv.org/abs/2210.03493|

Denny Zhou, Nathanael Schirli, Le Hou, Jason Wei, Nathan Scales, Xuezhi Wang, Dale Schuurmans,
Claire Cui, Olivier Bousquet, Quoc Le, and Ed Chi. Least-to-most prompting enables complex
reasoning in large language models, 2023. URL https://arxiv.org/abs/2205.10625.

Yujia Zhou, Yan Liu, Xiaoxi Li, Jiajie Jin, Hongjin Qian, Zheng Liu, Chaozhuo Li, Zhicheng Dou,
Tsung-Yi Ho, and Philip S. Yu. Trustworthiness in retrieval-augmented generation systems: A
survey, 2024. URL https://arxiv.org/abs/2409.10102.

16


https://arxiv.org/abs/2309.13078
https://arxiv.org/abs/2309.13078
https://arxiv.org/abs/2305.10601
https://arxiv.org/abs/2309.06794
https://arxiv.org/abs/2309.06794
https://arxiv.org/abs/2311.09210
https://arxiv.org/abs/2311.09210
https://arxiv.org/abs/2305.13534
https://arxiv.org/abs/2210.03493
https://arxiv.org/abs/2205.10625
https://arxiv.org/abs/2409.10102

Under review as a conference paper at ICLR 2026

A THEORETICAL INSIGHTS

The goal in this section is to provide an intuitive perspective towards the strength of SQV reasoning
format instead of a rigorous proof. In noisy environments, the context C' may contain erroneous or
misleading information, which can lead to model hallucinations—incorrect or inconsistent outputs Y.
The SQV reasoning framework addresses this issue through its Thesis-Antithesis-Synthesis structure,
which incorporates principles akin to ensemble learning. This design enables more robust noise
handling and reduces hallucination rates compared to standard Chain-of-Thought (CoT) reasoning
or self-consistency CoT approaches. Below, we will systematically analyze this advantage from the
perspective of ensemble learning theory.

A.1 ENSEMBLE LEARNING FOR STRUCTURED REASONING

Ensemble learning is a technique used to combine two or more Machine Learning algorithms to
obtain superior performance compared to when the constituent algorithms are used individually.
Instead of relying on a single model, the predictions from the individual learners are combined using
a combination rule to obtain a more accurate prediction. Ensemble learning consists of two key steps:
generating base learners and forming ensemble learner. Generating base learners is responsible
for evolving multiple base learners that have diversity in mapping the extracted representations into
corresponding targets. Forming ensemble learner is responsible for integrating the base learners into
an ensemble leaner that can achieve better generalization.(Mienye & Sunl [2022) In the context of
Chain-of-Thought, each base learner can be viewed as a reasoning path or a sub-reasoning process.
Formally, let © denote the base learner space, where § € © represents a parameterized configuration
of a base learner. Each learner is assigned a weight wy (with > wg = 1) by an ensemble learner, and
produces a predictive distribution Py(Y|Q, C) over possible answers as follows:

Pensemble(Y|Qv C) =Egoo [w0 : PG(Y‘Qv C)] &)

We now instantiate the unified formulation above in both Self-Consistency CoT and SQV pattern.

Self-Consistency (SC) In Self-Consistency, we generate multiple independent reasoning paths and
then aggregate their outputs through majority voting. For generating base learners, Self-Consistency
generates K independent reasoning chains in parallel:

0, ~ P(T|Q,C) for k=1,... K, (©6)

where each base learner corresponds to a distinct reasoning path 7}, and produces the following
predictive distribution:

P9k(Y|Q70) :P(Y|Tk7ch) (7)
Then the ensemble learner Fgc exploits majority voting to get the final answer:
i 1
Fsc = arg mgxkz_lwk Yy = y), wr, = T ®)
The complete process for Self-Consistency is expressed as:
T
PaclY1Q.0) = £ Y- [ POVIZ.@.C)P(TLIQ.C)a ©)
k=1

SQV In the SQV framework, while multiple components exist (Thesis, Antithesis, Verification,
Synthesis), they are not independent but rather sequentially generated and interdependent. We
conceptualize each sub-process (Thesis, Antithesis) as generating multiple base learners, while the
(Verification, Synthesis) stages function as the ensemble learner. In the SQV framework, where
T denotes the initial thesis and A represents the antithesis, base learners are generated through a
two-stage sequential process:

Or ~ P(T|Q,C), (10)

9,4 NP(A|T7QaC)a (]1)

17



Under review as a conference paper at ICLR 2026

Then the Synthesis stage functions as a meta-learner that integrates the base learners, with their
respective weights being determined by the Verification stage:

]:SQV = argm$«XE9T,0A [wOT,GA ! P(Y‘S7 ‘/7 AvTa Q7 C)] (12)

Wor,04 X P(V|A7T,Q,C) (13)
The complete process for SQV is formalized in Equation []

On the one hand, the counterfactual nature of the base learners in SQV, specifically the pair (07,6 4),
satisfies the diversity constraint E[KL(Pr||P4)] > §. In contrast, the base learners {0 }5_; in
Self-Consistency are generated by independent sampling independently, without explicit diversity
constraints. This results in the expected pairwise KL divergence between any two distinct base
learners in Self-Consistency, denoted by Eyg, o, [KL(Pp, || Ps, )], being potentially lower than §. Thus,
SQV inherently promotes higher diversity among base learners.

On the other hand, for ensemble learners, SQV employs a meta-learning approach via the synthesis
step, which maps the predictions of the base learners to the final output using weights derived from the
verification step and implements Bayesian model averaging in Equation[I2] The adaptive weighting
in SQV can exploit the information from the base learners more effectively to overcome the limitation
of majority voting in Self-Consistency, leading to a tighter bound on the generalization error.

A.2 HALLUCINATION ANALYSIS

The vulnerability of reasoning chains to noise-induced hallucinations manifests differently across
paradigms. For simplification, we consider each step within the reasoning chain. Let € denotes
hallucination probability at each step, K the number of SC paths, e7,e 4 thesis/antithesis hallucination
rates. We formalize three distinct mechanisms of hallucination as follows:

Chain-of-Thought In standard Chain-of-Thought reasoning, errors propagate linearly through
sequential dependencies.

PCOT (Hal) =€, (14)

This additive accumulation causes error amplification, especially in noisy contexts where € > 0.

Self-Consistency Self-Consistency mitigates error propagation through parallel redundancy. By
aggregating K independent reasoning paths:

K
K
Psc(Hal) = P (majority of paths are incorrect) = Z ( )ek(l — )k, (15)
k=[K /2]

While effective when e <0.5, this approach requires substantial computational resources (/ > 1)
for error suppression, and correlated errors across paths diminish its efficacy.

SQV The SQV framework introduces cross-path error cancellation through its adversarial structure.
The final answer possess the following scenarios: (1) Both Thesis and Antithesis are incorrect:
Regardless of weight assignment, the final result will likely be incorrect. (2) One is correct and
the other is incorrect: If Verification assigns weights correctly (i.e., higher weight to the correct
statement), the final result will be correct. If Verification assigns weights incorrectly, the final result
will be erroneous. (3) Both Thesis and Antithesis are correct: The final result will be correct.

Assuming the Verification phase correctly assesses the reliability of both statements (i.e., assigning
high weight when the Thesis is correct and high weight when the Antithesis is correct), and A and T’
are independent for simplification, then:

PSQv(Ha1> = P(HalT N HalA) = €7 - €4. (16)
Theorem 1 (SQV achieves lower hallucination rate) Ler SimGradp;, and SimGrad;re, denote

the expected pairwise For comparable base error rates € = er =~ €4, SQV achieves lower hallucina-
tion rate than both standard CoT and SC:

PSQ\/(H(ZI) < PCOT(Hal), PSQv(Hal) < Psc(Hal). (17)
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Proof A.1 The following presents each proof in turn:

SQV vs CoT

For SQV, hallucination occurs only when both Thesis (T') and Antithesis (A) are erroneous. Assuming
independence:

Psqv (Hal) = P(Halr N Hal 4) (18)
—er-eq (19)
=% (sinceer = €q4 =€) (20)

Thus Psqv(Hal) = € < € = Pcor(Hal) holds for e < 1.

SQVvs SC
For Self-Consistency with K paths, hallucination occurs when most paths are erroneous:
5K
Psc(Hal) = Z (k)ék(l — e)K—k 21)
k=[F/2]
This is lower-bounded by the dominant term at k = [K/2]:
K
Peclttan) > ()0 )1 = T )
[K/2]

Using the combinatorial bound (&) > (K /m)™ for m = [K/2]:

K\ K/2
> | — _
Psc(Hal) > (fK/ﬂ) € (1—¢) (23)
> (2)K21K/2T (since K/ [K/2] > 2) (24)
Now compare to SQV’s €2:
Psc(Hal) S ol K/2] JK/2]-2 25)
PSQV (Hal)
Under the condition K < 1/¢ (i.e., € - K < 1 which is common under finite computational budgets):
el K/21-2 — —(2—[K/2]) (26)
>e ! (since2 — [K/2] < 1for K >2) (27)
> K (frome-K <1) (28)
Thus:
Psc(Hal) [K/2]
—>2 - K (29)
PSQV (Hal)
>oK/2. K (30)
> 1 (always true for K > 1) 3D

Therefore Psqy (Hal) < Psc(Hal) when K < 1/e.
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B ADDITIONAL METHODOLOGICAL DETAILS

B.1 PROMPT TEMPLATES

Prompt for Output The system prompts for generating reasoning trajectories in SQV format,
vanilla COT format, and Simplified formats for ablation studies on the role of each SQV component
are shown in the following figures.

Prompt for Adversarial Input Following (Ming et al.|[2025)), we use the same system prompts to
generate Unanswerable Context, Inconsistent Context, and Counterfactual Context. The templates
are shown in the following figures.

Prompt Template of SQV

Given the following question and context as the only knowledge bases, answer it by
providing follow up questions and intermediate answers.
Respond in the following format:
<think>
<sub-question>

</sub-question>
<sub-answer>

</sub-answer>
<certainty>
1. generate one counterfactual question
2. re-examine the context based on the questioning
3. provide supporting/refuting evidence
4. conclude.
</certainty>
</think>
<answer>

</answer>

Prompt Template of COT

Given the following question and context as the only knowledge bases, answer it by Given
the following question and context, answer it by thinking step by step.

Prompt Template of SQV without Antithesis

Given the following question and context as the only knowledge bases, answer it by providing follow up
questions and intermediate answers.
Respond in the following format:
<think>
<sub-question>

</sub-question>
<sub-answer>
</sub-answer>
<certainty>
verify the answer
</certainty>
</think>
<answer>

</answer>
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Prompt Template of SQV without Thesis

Given the following question and context as the only knowledge bases, answer it by providing follow up
questions and intermediate answers.
Respond in the following format:
<think>
<sub-question>

</sub-question>
<certainty>
1. generate one counterfactual answer based on the question
2. re-examine the context based on the questioning
3. provide supporting/refuting evidence
4. conclude the sub-answer
</certainty>
</think>
<answer>

</answer>

Prompt Template of SQV without Synthesis

Given the following question and context as the only knowledge bases, answer it by providing follow up
questions and intermediate answers.
Respond in the following format:
<think>
<sub-question>

</sub-question>
<sub-answer>

</sub-answer>
<certainty>

1. generate one counterfactual question

2. re-examine the context based on the questioning
</certainty>

</think>
<answer>

;./answer>
B.2 ALIGNMENT DATA CONSTRUCTION
We provide a detailed pseudo-code representation of our automated dataset construction pipeline

as follows. This algorithm clearly illustrates the structured process of generating fine-tuning data
integrated with synthetic adversarial samples leveraging the Deepseek-R1 model.

Procedure 1 Synthetic Training Data Generation for SQV-Alignment

procedure CONSTRUCTTRAININGDATA
Input Construction:
Dejean < RandomSelect(SQuAD) > Select clean samples from SQuAD
Dnoise — @
for 7 € {Unanswerable, Inconsistent, Counterfactual} do
C; « GenerateNoisyContexts(7, {SQuAD}, Deepseek-R1)

Dhoise < Dhoise U Cr > Generate noisy contexts from datasets (Ming et al., 2025)
Dinput < Detean U Dhoise > Combine clean and noisy contexts
Output Generation:

P + LoadPrompts(Appendix [B.1) > Load SQV instructions from Appendix
R+ 0
for each ¢ € Djypy do

r. + Deepseek-R1(c, P) > Generate reasoning trace for each context

R+ RU{r:} > Collect reasoning traces
Diinai +— Pair(Dinpu, R) > Pair input contexts with reasoning traces
return Dgy > Return the final dataset
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Prompt Template of Unanswerable Context Generation

You will be provided with a context passage, a question, and an answer. The answer can be deduced from the given
context. Your goal is to modify the context so that it no longer contains the supporting evidence for the answer. You
should review the context sentence by sentence. For each sentence, consider the following two cases:

Case 1: If a sentence does not make contribute to the old answer, no modification is needed.

Case 2: If a sentence make contribute to the old answer, you should alter some words in the sentence only if it helps to
maintain coherence.

The modified context should: 1.Be coherent with the original context 2.Not support the original answer.

Ideally, the majority of the original context should remain unchanged. You will output a JSON object containing the
following information:

{

"question": string, / The original question.

"old answer": string // the original answer.

"modified context": string, / The modified context.

"if replaced": boolean, / Whether the sentence is changed

"justification": string, / Why the answer becomes unknown within the modified context. The justification should
be concise.

}

Prompt Template of Inconsistent Context Generation

You will be provided with a context passage, a question, and an old answer. The old answer can be deduced from
the given context. Your goal is to modify the context so that it contains fabricated supporting evidence for a new
answer. This can be done in two steps:

Stepl: Generate a new answer that is fabricated and challenges common sense or well-known facts. (e.g.,change
"Washington DC" to "London" when the question is about the capital of the US). You should be creative and not
restricted by the example. The new answer cannot be the same as the old answer.

Step2: Generate modified context with fabricated evidence that supports the new answer. Specifically, you should
review the context sentence by sentence. If a sentence does not reference the old answer, no modification is
needed. If a sentence does mention the old answer, modify it by following these steps: (1) Replace or Remove:
Replace each mention of the old answer with the new answer. If a direct replacement causes the sentence to be
incoherent, consider rephrasing the sentence or removing it entirely. (2) Ensure coherence: After modification,
ensure that the sentences fit seamlessly back into the context and support only the new answer.

The modifications should keep the majority of the original context unchanged and ensure: 1. The context remains
plausible 2.The context exclusively supports the new answer.

You will output a JSON object containing the following fields:

{

"question": string //the provided question.

"old answer": string // the provided old answer.

"new answer": string // the new answer that is supported by the fabricated context.

"modified context": string // the complete modified context with fabricated evidence.

"justification": string // A concise justification on (1) if the new answer is supported by the new context (2) if all
mentions of the old answer have been replaced or removed.

}
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Prompt Template of Counterfactual Context Generation

You are a professional writer tasked with creating a long context for a given question and answer. The answer may
challenge common sense or widely accepted facts. Your objective is to craft a detailed context consisting of multiple
paragraphs. Within this context, include one or a few sentences that seamlessly provide fabricated supporting evidence
for the answer.

To achieve this:

1. Ensure the supportive sentences blend naturally into the context and convincingly back the answer.

2. Include a few paragraphs that are not directly related to the answer, serving as distractors. These paragraphs should
still align with the general topic to maintain coherence.

3. It is preferable if the context is challenging for readers, i.e., the answer is not immediately obvious to the reader.

4. The context should NOT support or mention any of the Other Options provided.

You will output a JSON object containing the following 5 fields:
{
"question": string //the provided question.
"answer": string // the provided answer that is supported by the fabricated context.
"context": string // your synthesized context with fabricated evidence.
"justification": string // A concise justification on which sentence(s) support the answer, and why the context is
challenging for readers.
"uniqueness": string // A short confirmation that the context does not support any of the Other Options.

}

Table 3: Comparative experiments between SQVz.,, and SQV pjignmenc 0 small LLMs. Reported
results are Acc(%).

Noisy Context Normal Context

Method SQV Format Ratio FaithEval-U FaithEval-I FaithEval-C ConFiQA TriviaQA NQ
Qwen2.5-3B

SQV alignment 65.2 96.7 98.6 69.7 79.0 86.1 55.8

SQVyero 34.2 81.2 87.9 68.4 78.2 83.0 52.8

COT - 88.9 98.2 60.2 62.6 62.0 49.6
Llama3.1-8B

SQV alignment 63.9 82.6 97.6 63.3 76.4 82.9 59.3

SQV 0 49.2 64.6 86.8 63.1 76.4 81.4 59.0

COT - 72.4 95.5 48.4 574 68.4 52.8

C SQV-ALIGNMENT ANALYSIS

C.1 LIMITED SQV o ROBUSTNESS IN SMALLER LRMS UNDER NOISE

When guiding smaller models to perform SQV-formatted reasoning through zero-shot prompting,
we observe that they frequently exhibit verbatim replication of instructional phrases within the
<certain> tags: rather than executing authentic SQV reasoning, as illustrated in Figure [7} To
address this limitation, we introduce SQV-Alignment to transfer zero-shot SQV reasoning capabilities
from larger reasoning models to smaller ones. Experimental results (Table [3) reveal two critical
findings: First, while SQV,.,,, improves smaller models’ performance in standard scenarios, it
remains insufficiently robust in noisy environments — for instance, the 8B-parameter Llama3.1 model
shows a 7.8% performance drop compared to Chain-of-Thought in unanswerable scenarios when
using SQV,.,. Second, SQV-Alignment effectively mitigates the replication phenomenon, evidenced
by a 14.7% and 32.0% increase in correct SQV formatting ratio for Llama3.1-8B and Qwen2.5-3B
respectively, and simultaneously enhancing smaller models’ reasoning performance under noisy
conditions. These results align with the findings in ”SQV Ability Scaling” (Section [D.4), where
smaller models exhibited limited SQV,,,, performance in noisy settings compared to larger
models. And SQV-Alignment effectively mitigates this issue.
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<think>\n <sub-question>\n What are muroplasts and how do they differ from chloroplasts in
other photosynthetic organisms?\n </sub-question>\n <sub-answer>\n Muroplasts are thought
to be chloroplasts that have lost the peptidoglycan wall between their double membranes, although
this is an assumption.\n </sub-answer>\n <certainty>\n 1. generate one counterfactual
question \n Ts it possible that muroplasts, like glaucophyte chloroplasts, retain a
peptidoglycan wall, but are otherwise similar to chloroplasts in other photosynthetic
organisms?\n 2. re-examine the context based on the questioning \n The text describes
glaucophyte chloroplasts as having a peptidoglycan wall, and states that they are a primitive
intermediate between cyanobacteria and the more evolved chloroplasts in red algae and
plants. This implies that glaucophyte chloroplasts may retain characteristics that are
otherwise lost in more evolved chloroplasts, such as a peptidoglycan wall.\n 3. provide
supporting/refuting evidence \n  The text does not explicitly state that muroplasts have lost
the peptidoglycan wall, but rather suggests that they may be similar to chloroplasts in other
photosynthetic organisms. This is a key difference between muroplasts and glaucophyte
chloroplasts.\n 4. conclude.\n Based on the information provided, it appears that
muroplasts may retain a peptidoglycan wall, but are otherwise similar to chloroplasts in
other photosynthetic organisms.\n </certainty>\n <sub-question>\n How do muroplasts
compare to gl hyte chloroplasts?\n </sub-question>\n <sub-answer>\n Muroplasts are
thought to be similar to chloroplasts in other photosynthetic organisms, while glaucophyte
chloroplasts are considered a primitive intermediate between cyanobacteria and the more evolved
chloroplasts in red algae and plants.\n </sub-answer>\n <certainty>\n 1. generate one
counterfactual question \n Are muroplasts more similar to glaucophyte chloroplasts than
they are to chloroplasts in other photosynthetic organisms?\n 2. re-examine the context
based on the questioning \n The text suggests that glaucophyte chloroplasts are a primitive
intermediate between cyanobacteria and the more evolved chloroplasts in red algae and
plants. This implies that glaucophyte chloroplasts may retain characteristics that are
otherwise lost in more evolved chloroplasts.\n 3. provide supporting/refuting evidence \n
The text does not explicitly state that muroplasts are similar to glaucophyte chloroplasts, but
rather suggests that they may be similar to chloroplasts in other photosynthetic organisms.\n
4. conclude.\n Based on the information provided, it appears that muroplasts are not
necessarily more similar to glaucophyte chloroplasts than they are to chloroplasts in other
photosynthetic organisms.\n </certainty>\n</think>\nThe final answer is unknown. There is
insufficient information available to provide a definitive answer to the question of what muroplasts
are.

<think>\n <sub-question>\n What are the ct istics of plasts?\n </sub-question>\n

b- \n M plasts are idered to be more primitive than chloroplasts in the red
algae and plants. They lack a peptidoglycan wall between their double membranes, and contain
unstacked thylakoids with a distinct structure. In muroplasts, the starch is synthesized within the
organelle, as opposed to the starch outside the chloroplast in gl phy P
Their thylakoids are also not studded with phycobilisomes. \n </sub-answer>\n <certainty>\n 1.
generate one counterfactual question \n 2. re-examine the context based on the questioning
\n 3. provide supporting/refuting evidence \n 4. conclude.\n </certainty>\n</think>\nSince
muroplasts lack a peptidoglycan wall between their double membranes, it can be inferred that they
are derived from a eukaryote that has a more advanced chloroplast lineage. The lack of
phycobilisomes and the structure of their thylakoids suggest that muroplasts are more evolved than
the gl phyte chloropl but less ad d than chloroplasts in the red algae and plants. This
implies that muroplasts are likely the chloroplast lineage intermediate between glaucophytes and
the more evolved chloroplasts in red algae and plants. Therefore, the evolutionary position of
muroplasts is as a more advanced intermediate between glaucophytes and the more evolved
chloroplasts in red algae and plants

Figure 7: Comparative case study between SQVy,,, and SQV jignmen: fOr small LLMs, highlighting
SQV,.,’s tendency toward verbatim instructional replication and failure to engage in authentic

reasoning.
C.2 ALIGNMENT STRATEGY ANALYSIS

C.2.1 IMPLEMENTATION

While reinforcement learning has emerged as a key approach in LLM post-training, aligning models

with human preferences(Ouyang et al., 2022} [Rafailov et al.| 2024) and enhancing their reasoning

abilities, however, in this scenario, we find SFT serves as a more efficient optimization method for
SQV alignment through experiments. In practice, we utilize the GRPO algorithm(Shao et al.| [2024)
for model refinement, designing a composite reward function that integrates accuracy rewards and

format rewards.

Accuracy Reward. Specifically, given context ¢ and question ¢, the LLM generates a full response
y. The accuracy reward R, is computed by comparing the extracted substring y/,,cq (obtained from
y via string matching) to the ground truth y, from the synthesized training data, as follows:

Racc =

L ifysz(c, ql0) = yge,
0 otherwise.

(32)

Format Reward. To enforce the desired SQV format, we assign a reward on the whole generated
response y to evaluate whether it contains the proper XML tags and the correct self-questioning and

verification process within the <certain> tags:

Rformat =

1 if correct formatting is present,

(33)

0 if incorrect formatting.

Final Reward. Finally, we use the sum of the two rewards as the final composite reward Ry, We
use this reward Ry, to compute an advantage A; for each output, guiding policy updates according

to the rule-based GRPO objective. Formally,

Rﬁnal = Racc + Rformat~

24
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Table 4: Comparative performance of different training strategies. Reported results are Acc(%).

Noisy Context Normal Context

Method SQV Format Ratio Training Cost FaithEval-U FaithEval-I FaithEval-C ConFiQA TriviaQA NQ
SFT 65.2 0.09 H 96.7 98.6 68.4 79.0 86.1 55.8
SFT+GRPO 10.5 20H 93.4 87.6 65.6 76.2 82.6 50.8

<think>\n <sub-question>What did Bani Dugal specifically criticize
about Iran‘s government?</sub-question>\n <sub-answer>Bani Dugal
criticized Iran’s claim that the imprisoned Baha‘i leaders were held for
security reasons, arguing that their arrests were part of a broader plan to
\“destroy the Baha’i community.\”</sub-answer>\n <certainty>\n
1.Counterfactual Question: Could the Baha'i community have been
detained for unrelated crimes (e.g., terrorism) instead of security?
\n2. Re-examination: The context states the Baha'i community was
described as working \"against national interest,\" but it does not
explicitly confirm or deny whether their detention was related to
terrorism. \n3.Evidence: The context only mentions \"security
issues\" as Iran's stated justification, and Dugal's criticism centers

on Iran's broader strategy to \"destroy the Baha'i community.\" \n4.

Conclusion: Uncertainty exists about the specific nature of the
arrests, but the focus is on the government’s
strategy.</certainty>\n...</think>\n<answer>Final Answer: \nBani
Dugal, the Baha'i International Community's representative to the UN,
criticized Iran's claim that the imprisoned Baha'i leaders were held for
security reasons. He argued that their arrests were part of a broader plan
to \"destroy the Baha'i community,\" not because of their faith. The
context emphasizes the government’s strategy of creating \"hatred by
casting the Baha'is as agents of foreign powers,\" but does not specify
the exact reason for their detention. External evidence (e.g., historical
context) is not provided, leaving the exact nature of the arrests
uncertain.</answer>

<think>\n<sub-question>What was the main point of Bani Dugal's
statement?</sub-question>\n <sub-answer>Bani Dugal criticized Iran's
claim that the six imprisoned leaders of the religious minority were held
for security reasons and not because of their faith. He called Iran's
assertion \"utterly baseless\" and said the Iranian government's plan has
always been to destroy the Baha'i community.</sub-answer>\n
<certainty>very high</certainty>\n<sub-question>Did Bani Dugal
provide any evidence to support his claims?</sub-question>\n <sub-
answer>He said that the documented plan of the Iranian government has
always been to destroy the Baha'i community, and the latest arrests
represent an intensification of this plan. He also said that the Baha'i
World Center, which the movement refers to as its \"spiritual and
administrative heart, \" is in the Acre/Haifa area in northern Israel.</sub-
answer>\n <certainty>very
high</certainty>\n...</think>\n<answer>Based on Bani Dugal's
statement, the main point was that Iran's claim that the six imprisoned
leaders of the religious minority were held for security reasons was
\"utterly baseless.\" He said the Iranian government's plan has always
been to destroy the Baha'i community, and the latest arrests represent an
intensification of this plan. He also mentioned that the Baha'i World
Center is in the Acre/Haifa area in northern Israel, and that the Baha'i
faith regards Baha'u'llah as the most recent in a line of Messengers of
God that stretches back beyond recorded time, including Abraham,
Moses, Buddha, Krishna, Zoroaster, Christ, and Mohammed. Bani Dugal
also noted that the United States, Canada, and the European Union have
condemned Iran's actions, and that the Baha'i community has been killed,
jailed, and otherwise oppressed only because of their religion since 1979,
when the Islamic republic was created.</answer>

Figure 8: Case study on structural SQV formatting failures in model after GRPO training.

C.2.2 EXPERIMENTS AND ANALYSIS

Experiments conducted on Qwen2.5 3B (Table [ show that after GRPO training, the model’s success
rate in generating correct SQV formats (quantified as SQV Format Ratio) declines significantly
from 65.2% to 10.5%, with consistent performance degradation observed across all datasets. Figure
[]illustrates a representative failure case where the model after GRPO generates incorrect SQV
formatting. Concurrently, GRPO introduces substantial computational overhead, increasing training
time from SFT’s efficient 0.09 hours to 20 hours. We hypothesize this performance deterioration
stems from the inherent tension between SQV’s precise formatting requirements and RL’s exploration-
driven paradigm(Du et al.,[2023)): outcome-based rewards fail to effectively balance granular format
constraints against accuracy optimization in extended reasoning paths, ultimately impairing the
model’s instruction-following capability for SQV generation. Notably, this experiment further
validates the critical role of SQV-formatted reasoning in contextual faithfulness.

D EXPERIMENTAL DETAILS

D.1 DATASET DETAILS

D.1.1 TRAINING DATA.

For the training datasets in SQV format, we applied rigorous filtering to ensure that all included
LLM-synthesized answers with reasoning trajectories: (1) Aligned with the ground truth, and (2)
Conformed to the correct SQV reasoning format. From each context type (Unanswerable, Inconsistent,
Counterfactual, and Normal), we uniformly sampled 250 examples from the filtered synthetic data,
resulting in a high-quality dataset of 1,000 examples. This ensures lightweight yet efficient SQV-
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Alignment. Building on the framework established in Ming et al| (2025)), we characterize each
adversarial context as follows:

Unanswerable Context. It occurs when the provided context, while containing relevant informa-
tion, lacks sufficient details to derive a correct answer. Answerability is strictly context-dependent and
independent of the question’s inherent solvability. When processing unanswerable contexts, LLMs
should explicitly acknowledge the lack of sufficient information by responding with “Unanswer-
able” or equivalent indication, rather than generating speculative answers that disregard contextual
constraints.

Inconsistent Context. Feature multiple documents that present conflicting answers to the same
query, simulating real-world scenarios where retrieved information comes from sources with varying
reliability. When processing inconsistent contexts, LLMs should explicitly acknowledge the con-
tradiction within the contexts, rather than generating speculative answers that disregard contextual
constraints.

Counterfactual Context. Contain assertions that violate fundamental world knowledge (e.g.,
“water freezes at 100°C,” ”wood exhibits magnetic properties,” or ”carbon dioxide constitutes the
most abundant atmospheric greenhouse gas”). When processing counterfactual contexts, LLMs
should strictly adhere to and reason from the provided context, while suppressing contradictory
parametric knowledge that would normally lead to factually correct responses.

D.1.2 EVALUATION DATA.

FaithEval. A novel and comprehensive benchmark tailored to evaluate the faithfulness of LLMs
in contextual scenarios across three diverse tasks: unanswerable, inconsistent, and counterfac-
tual contexts. These evaluation subset are formally designated as FaithEval-U, FaithEval-I, and
FaithEval-C respectively in the experiments.

ConFiQA. A dataset that incorporates knowledge conflicts through counterfactual passages to
evaluate the faithfulness of LLMs on short-form generation.

TriviaQA. A challenging reading comprehension dataset. We utilize the provided passages in
FollowRAG as context and randomly sample 500 instances to form the test dataset for our experiments.

NaturalQA. A question answering dataset. Questions consist of real anonymized, aggregated
queries issued to the Google search engine. We utilize the provided passages in FollowRAG as context
and original query and randomly sample 500 instances to form the test dataset for our experiments.

D.2 BASELINE DETAILS

To assess the effectiveness of our SQV reasoning pattern, we compare it against 4 commonly used
reasoning methods. While these methods have achieved some success in reasoning, they still have
limitations in dealing with noisy contexts in knowledge reasoning task, generating hallucinations
inevitably. Specifically, our comparative approach consists of:

* Chain-of-Thought (CoT): CoT instructs the model to generate intermediate reasoning steps,
helping models to solve complex problems by decomposing tasks into simpler sub-steps.
We use zero-shot CoT without any few- shot prompting, only the reasoning prompt.

* Self-Consistency: An improved version of CoT that samples multiple reasoning paths and
selects the final answer based on consistency among these paths. In our experiments, we set
the paths number as 4.

* Self-Refine: Self-Refine generates an initial output using an LLM; then, the same LLM
provides feedback for its output and uses it to refine itself, iteratively.

* Tree of Thoughts (ToT): A framework that generalizes over chain-of-thought prompting and
encourages exploration over thoughts that serve as intermediate steps for general problem
solving with language models. In our experiments, we set the branching factor and maximum
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TriviaQA
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Figure 9: Experiments on the scalability of the SQV reasoning pattern.

exploration length to 3 and 3, respectively. While ToT demonstrated excellent performance
in coding and math problems, we found that it underperformed in knowledge reasoning
task—the primary focus of our research—compared to alternative methods.

D.3 TRAINING AND INFERENCE DETAILS

We perform LoRA fine-tuning on the designated dataset for 3 epochs, using AdamW optimizer with
a learning rate of 2 x 10~4. The maximum input length is set to 1024 tokens, while the maximum
output length is 1024 tokens, with a total sequence cutoff of 2048. Training is performed with a batch
size of 4 on a single NVIDIA A100 80GB GPU, using bf16 precision. During the inference, we set
0.8 for temperature for the evaluation of our models and baselines. For each dataset, we infer twice
and report the average scores as final results.

D.4 ADDITIONAL EXPERIMENT RESULTS

In this section, we present additional experimental results to provide a comprehensive understanding
of the proposed method.

SQV Ability Scaling. We further extend our experiments to Qwen2.5-32B-Instruct and Qwen?2.5-
72B-Instruct using SQVy,,, to investigate the scalability of the SQV reasoning pattern. As exhibits
in Figure 0] our key observations are as follows: (1) Instruction-Following SQV Capability:
Both Qwen2.5-32B-Instruct and Qwen2.5-72B-Instruct demonstrate zero-shot SQV reasoning abil-
ity—they can execute SQV-based inference directly from instructions without requiring additional
alignment training. (2) Consistent Performance Gains Over Vanilla COT: Overall, SQV consis-
tently enhances performance over vanilla COT across these models, achieving absolute improvements
up to 26.2% (32B) and 14.5% (72B). (3) Scalability Limitations and Knowledge Transfer: How-
ever, the gains diminish compared to larger reasoning models like Deepseek-R1, which elevates
performance from 65.0% to 95.6% in unanswerable scenarios—far surpassing the modest improve-
ments of 1.0% (32B) and 3.6% (72B) observed in smaller models. Notably, knowledge distillation
enables effective transfer of SQV capabilities: a compact Qwen2.5-3B model distilled with SQV
achieves a significant leap from 88.9% to 96.7% in unanswerable scenarios. These results highlight
that while larger models inherently leverage SQV more effectively, the framework’s benefits can
propagate to smaller models through knowledge distillation.

SQV Achieves Superior Reasoning Efficiency. Table[5]presents the specific numerical numbers
of Figure[5]

Ablation on Adversarial Data To validate the role of adversarial training in SQV-Alignment, we
conducted an ablation study on adversarial data using Qwen2.5-3B. As shown in Table[6] removing
adversarial data during training led to a performance decline in noisy environments and a moderate
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Table 5: Inference Cost vs. Accuracy Across Reasoning Patterns.
COT Self-Consistency TOT  Self-Refine SQV

Acc(%) 69.9 73.8 60.9 72.0 86.2
Average Token Length 615.5 2416.4 12314 1957.4 595.7
Inference Time (s) 25.8 602.1 150.5 451.6 23.7

Table 6: Additional ablation study. The reported results are Acc(%).

Noisy Context Normal Context
Method FaithEval-U FaithEval-1 FaithEval-C ConFiQA TriviaQA NQ
SQV alignment 96.7 98.6 69.7 79.0 86.1 55.8

-w/o. Adversarial Data  91.6 (-5.1) 86.0 (-12.6) 69.3 (-04) 742 (-48 83.2(29) 55.6(02)

degradation on the normal dataset. These results confirm that incorporating adversarial data further
enhances the robustness of SQV ajignmen»> particularly under challenging or perturbed conditions.

D.5 ABLATION DETAILS

In this section, we outline the implementation methodology for the ablation experiments.

Training Data Bias. To isolate the impact of SQV reasoning format alignment versus training
dataset-specific biases, we designed an ablation study on the Qwen2.5-3B model using the same
training dataset under two distinct training paradigms:

1. Training without SQV Format. The model was trained solely on the final outcome la-
bels using SFT, where the ground-truth sequence S = y. This setup mimics traditional
reinforcement learning with sparse rewards.

2. Training with SQV Format. The model underwent SFT on ground-truth sequences
Ssqv = (71,72, ..o, "n, y), Where ( r1, ..., 7, ) represent SQV format intermediate rea-
soning trajectories leading to the final answer y. This format explicitly trains the model to
internalize the reasoning process.

By keeping the dataset fixed while varying only the ground-truth sequence format, this ablation
study effectively disentangles the effects of data content from format-driven learning. If performance
gains were primarily due to dataset-specific biases, both training paradigms should exhibit similar
improvements. However, the stark performance gap (e.g., 2.9% vs. 7.8% in noisy environments)
demonstrates that SQV-formatted reasoning trajectories drive the majority of gains.

Dialectical Components. We adhere to the same training procedure as SQV-Alignment. Specifi-
cally, we utilize the identical training dataset and employ the prompt template illustrated in Figure [F]
to guide the teacher model in generating reasoning traces following the simplified verification format.
These traces constitute our simplified verification-style reasoning dataset, which we subsequently
use to conduct SFT on the student model. All training configurations remain consistent with SQV-
Alignment.

Adversarial Data. We followed the same training procedure as SQV-Alignment but replaced
adversarial samples with a synthetic reasoning path dataset generated under normal scenarios of
equivalent size. This dataset underwent identical data filtering protocols, resulting in a clean subset of
1,000 SQuAD examples free of adversarial perturbations. All other training configurations, including
hyper-parameters and optimization strategies, remained unchanged to ensure a fair comparison.
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E METRICS

E.1 OuTtPUT EVALUATION METRICS

Following |Asai et al.| (2023)), we employ string match approach to assess the accuracy of model-
generated answers, which considers an answer to be correct if it matches any part of the ground truth
answers. Following Bao et al.[(2024)) we introduce hallucination rate to check how often the model
hallucinated. Let N,,N,, denotes the number of correct answers and incorrect answers, respectively,
where N = N,, + N,,. The metrics are defined as:

N, N,
Acc= -2 Hal=-2 35
cc , a (35)

E.2 REASONING TRAJECTORY EVALUATION METRICS

Recent studies have demonstrated the effectiveness of next-token distribution statistics in assessing
reasoning path quality (Fadeeva et al.| [2024; | Kang et al., [2025), where higher prediction confidence
typically manifests as lower entropy and reduced uncertainty. Inspired by [Fu et al.| (2025), we

introduced Top 10% Group Entropy to capture local intermediate step quality and provide more
fine-grained assessment of reasoning trajectory.

Token Entropy. Given a language model’s predicted token distribution P; at position i, and P;(j)
represents the probability of the j-th vocabulary token. the token entropy is defined as:

H; = — ZP )log P;(5), (36)

0sQv < Ostandard  With  osqv = f(or,04,0v) (37)

Low entropy indicates a peaked distribution with high model certainty, while high entropy reflects
uncertainty in the prediction.

Group Entropy. Group Entropy provides a more localized and smoother signal by averaging token
entropy over overlapping spans of the reasoning trace. Each token is associated with a sliding window
group G; consisting of n previous tokens (The experiments were conducted with n set to 4.) with
overlapping adjacent windows. For each group GZ-, Group Entropy is defined as:

Hg, = ‘G‘ > H, (38)

teG;

Top 10% Group Entropy To capture the effect of extremely high entropy groups, we propose
top 10% group confidence, where trace entropy is determined by the mean of the top 10% of group
entropy values within the trace:

Hi, Hg., 39
wop-10 ( ‘Gt G;; G, 39)

where G is the set of groups with the highest 10% entropy values.

E.3 TOKEN EFFICIENCY

Token Efficiency, defined as the reciprocal of the token length in model-generated responses:
Token Efficiency = 1/L, (40)

where L represents the number of tokens in the output. This metric quantifies how concisely a model
conveys information, with higher values indicating greater efficiency (fewer tokens used).

F EXAMPLES OF HALLUCINATIONS

Figure 10-13 display some examples of the hallucinations.
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Context: Anti-inflammatory drugs are often used to control the effects of inflammation.
Glucocorticoids are the most powerful of these drugs; however, these drugs can have
many undesirable side effects, such as central obesity, hyperglycemia, osteoporosis, and
their use must be tightly controlled. Lower doses of anti-inflammatory drugs are often
used in conjunction with cytotoxic or immunosuppressive drugs such as methotrexate or
azathioprine. Cytotoxic drugs inhibit the immune response by killing dividing cells such
as activated T cells. However, the killing is indiscriminate and other constantly dividing
cells and their organs are affected, which causes toxic side effects. Immunosuppressive
drugs prevent T cells from responding to signals correctly by inhibiting signal
transduction pathways.

Question: What is an example of an immunosuppressive drug that prevents T cell
activity by altering signal transduction pathways?

Justification: the specific name 'cyclosporin' is removed from the context, leaving no
direct reference to any immunosuppressive drug that alters signal transduction pathways
in T cells. Without naming a specific drug, the answer to the question becomes unknown.

Answer: The context states that immunosuppressive drugs prevent T cells from
responding to signals by inhibiting signal transduction pathways. It provides examples
of such drugs as methotrexate or azathioprine when used in conjunction with anti-
inflammatory drugs. However, the passage distinguishes cytotoxic drugs (e.g.,
methotrexate, which kills dividing cells) from immunosuppressive drugs (e.g.,
azathioprine, which targets signal transduction). Since the question specifically asks for
an immunosuppressive drug that alters signal transduction pathways, **azathioprine**
is the correct example based on the context provided. \n\nAnswer: azathioprine"

Figure 10: Input-to-Trajectory Hallucination

Context: Teachers face several occupational hazards in their line of work, including
occupational stress, which can negatively impact teachers' mental and physical health,
productivity, and students' performance. Stress can be caused by organizational change,
relationships with students, fellow teachers, and administrative personnel, working
environment, expectations to substitute, long hours with a heavy workload, and
inspections.

Question: What is something that teacher's are at a high risk for?

Justification: The sentence mentioning that teachers are at high risk for occupational
burnout was removed. Therefore, the modified context no longer supports the original
answer.

Answer: Okay, let's start by looking at the question: \"What is something that teachers
are at a high risk for?\" The answer needs to come from the provided context.\n\nFirst,
I'll read through the context again. It says that teachers face several occupational
hazards, including occupational stress. Then it lists the negative impacts: mental and
physical health problems, reduced productivity, and affecting students' performance.
The causes of stress are mentioned as organizational change, relationships with students,
colleagues, admin, work environment, expectations to substitute, long hours, heavy
workload, and inspections.\n\nThe question asks for something teachers are at high risk
for. The context clearly states occupational stress as a key hazard. So the main risk here
is occupational stress. I should check if there's any other hazard mentioned besides
stress. The context starts by listing occupational stress as one of the several hazards, but
it doesn't specify others. All the other points are causes or effects, not additional
hazards.\n\nSo the answer should be occupational stress because that's explicitly stated
as an occupational hazard. The answer has to be pulled directly from the context
provided, and in that case, it's mentioned. Other potential risks like health issues are
outcomes, but the question is asking for what they are at risk for, which would be the
stress itself. The context states that teachers face occupational stress as a hazard, so
that's the primary answer here.\n\nTeachers are at a high risk for **occupational
stress**. The context explicitly identifies occupational stress as a key hazard they face,
caused by factors such as organizational changes, workplace relationships, heavy
workloads, and inspections. This stress negatively impacts their mental and physical
health, productivity, and students' performance. The answer is directly supported by the
provided information. \n\n** Answer:** Occupational stress.

Figure 11: Input-to-Trajectory Hallucination
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Context: In March 1896, after hearing of Wilhelm Rontgen\'s discovery of X-ray and X-
ray imaging (radiography), Tesla proceeded to do his own experiments in X-ray imaging,
developing a high energy single terminal vacuum tube of his own design that had no
target electrode and that worked from the output of the Tesla Coil (the modern term for
the phenomenon produced by this device is bremsstrahlung or braking radiation). In his
research, Tesla devised several experimental setups to produce X-rays. Tesla held that,
with his circuits, the "instrument will ... enable one to generate rays of much greater
power than obtainable with ordinary apparatus.

Question: What were X-rays known as at the time?

Justification: The sentence mentioning 'Roentgen rays' was replaced with a more generic
term 'rays' to remove any specific reference to the historical term for X-rays, thus
ensuring the modified context does not support the original answer.

Answer: Okay, let's tackle this question step by step. The question is asking: \"What
were X-rays known as at the time?\" The context provided is about Tesla's experiments
in March 1896, following Wilhelm Réntgen's discovery.\n\nFirst, I need to recall the
history. Wilhelm Rontgen discovered X-rays in 1895, and he named them \"X-rays\"
because \"X\" stood for unknown, as he wasn't sure of their nature. At the time of Tesla's
experiments in 1896, the term X-rays was already in use, right? But wait, sometimes
discoveries have different names before they are officially named. Did Réntgen call
them something else initially?\n\nWait, the context says \"after hearing of Wilhelm
Rontgen's discovery of X-ray and X-ray imaging (radiography)\" so in the context,
Rontgen's discovery is referred to as X-ray. So the term \"X-rays\" was already
established by Rontgen himself. However, sometimes in different languages or regions,
terms can vary. For example, in German, Rontgen called them X-Strahlen, and they
might have been referred to as \"Rontgen rays,\" especially in Europe.\n\nBut the
question is asking what they were known as at that specific time when Tesla was
working on them in March 1896. The context mentions \"the modern term for the
phenomenon produced by this device is bremsstrahlung or braking radiation.\" However,
bremsstrahlung refers to the type of radiation, not the name of X-rays
themselves.\n\nWait, but wait. The question says, \"What were X-rays known as at the
time?\" So maybe they were known by another name then? Let me double-check. No,
the context says Rontgen discovered X-rays, and the term used in the context is X-ray,
so perhaps the answer is X-rays. But I need to confirm if there's any alternate term from
the context provided that isn't relying on my external knowledge. The problem states
that if there's no information in the context, the answer should be 'unknown.' But the
context does mention \"X-ray\" as the term used by Rontgen. So according to the
context given, the answer is \"X-rays.\"\n\n\nThe context provided states that Tesla was
responding to Wilhelm Rontgen's discovery of \"X-ray and X-ray imaging
(radiography).\" This explicitly uses the term \"X-ray\" to describe the phenomenon at
the time of Tesla's experiments in 1896. There is no mention of an alternative name for
X-rays in the context\n\nAnswer: **X-rays**.

Figure 12: Intra-Trajectory Hallucination
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Context: Teachers face several occupational hazards in their line of work, including
occupational stress, which can negatively impact teachers' mental and physical health,
productivity, and students' performance. Stress can be caused by organizational change,
relationships with students, fellow teachers, and administrative personnel, working
environment, expectations to substitute, long hours with a heavy workload, and
inspections.

Question: What is something that teacher's are at a high risk for?

Justification: The sentence mentioning that teachers are at high risk for occupational
burnout was removed. Therefore, the modified context no longer supports the original
answer.

Answer: Okay, let's start by looking at the question: \"What is something that teachers
are at a high risk for?\" The answer needs to come from the provided context.\n\nFirst,
I'll read through the context again. It says that teachers face several occupational
hazards, including occupational stress. Then it lists the negative impacts: mental and
physical health problems, reduced productivity, and affecting students' performance.
The causes of stress are mentioned as organizational change, relationships with students,
colleagues, admin, work environment, expectations to substitute, long hours, heavy
workload, and inspections.\n\nThe question asks for something teachers are at high risk
for. The context clearly states occupational stress as a key hazard. So the main risk here
is occupational stress. I should check if there's any other hazard mentioned besides
stress. The context starts by listing occupational stress as one of the several hazards, but
it doesn't specify others. All the other points are causes or effects, not additional
hazards.\n\nSo the answer should be occupational stress because that's explicitly stated
as an occupational hazard. The answer has to be pulled directly from the context
provided, and in that case, it's mentioned. Other potential risks like health issues are
outcomes, but the question is asking for what they are at risk for, which would be the
stress itself. The context states that teachers face occupational stress as a hazard, so
that's the primary answer here.\n\nTeachers are at a high risk for **occupational
stress**. The context explicitly identifies occupational stress as a key hazard they face,
caused by factors such as organizational changes, workplace relationships, heavy
workloads, and inspections. This stress negatively impacts their mental and physical
health, productivity, and students' performance. The answer is directly supported by the
provided information. \n\n** Answer:** Occupational stress.

Figure 13: Intra-Trajectory Hallucination
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G LIMITATIONS AND FUTURE WORK

This study focuses on applying SQV to contextual reasoning tasks, aiming to address faithfulness
and hallucination challenges in contextual question answering. Our findings validate the significant
success of the thesis-antithesis-synthesis paradigm in these tasks. Moving forward, extending this
paradigm to mathematical and procedural reasoning—where designing antithetical arguments for
formulaic systems may require more sophisticated mechanisms—remains an open research direction.
Furthermore, future work will focus on implementing thesis-antithesis-synthesis through latent
reasoning frameworks, advancing the paradigm’s adaptability and interpretability.

H THE USE oF LLMS

Large Language Models were used in this research solely as writing assistance tools to aid in language
polishing and refinement.
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