
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 4403–4431
July 2-7, 2026 ©2026 Association for Computational Linguistics

REFLEX: Self-Refining Explainable Fact-Checking via
Verdict-Anchored Style Control

Chuyi Kong1, Wei Gao2, Jing Ma1*, Hongzhan Lin1, Yuxi Sun1

1 Hong Kong Baptist University 2 Singapore Management University
kongchuyi@life.hkbu.edu.hk weigao@smu.edu.sg majing@hkbu.edu.hk

Abstract
The prevalence of fake news on social me-
dia calls for automated fact-checking systems
that deliver not only accurate verdicts but
also faithful explanations. However, existing
large language model (LLM)-based methods
often overlook deceptive misinformation styles
in generated explanations, producing unfaith-
ful rationales that may mislead human judg-
ment. They also rely heavily on external knowl-
edge sources, which can introduce hallucina-
tions and incur substantial latency, undermin-
ing both reliability and responsiveness in real-
time settings. To address these limitations,
we propose REason-guided Fact-checking
with Latent EXplanations (REFLEX), a self-
refining framework that explicitly controls rea-
soning style by anchoring explanations to the
predicted verdict. REFLEX leverages self-
disagreement veracity signals between a back-
bone model and its fine-tuned variant to con-
struct steering vectors, thereby naturally dis-
entangling factual content from stylistic cues.
Experiments on a real-world benchmark show
that REFLEX achieves state-of-the-art perfor-
mance with LLaMA-series models using only
465 self-refined samples. Owing to its trans-
ferability, REFLEX also yields gains of up to
7.54 Macro-F1 points on in-the-wild data. Fur-
ther analysis shows that our method effectively
mitigates faithful hallucination, leading to both
more reliable explanations and more accurate
verdicts than prior explainable fact-checking
approaches.

1 Introduction

The rapid spread of fake news on social me-
dia poses a major challenge for automatic fact-
checking (AFC) (Guo et al., 2022). Recent AFC
systems increasingly leverage Large Language
Models (LLMs) to predict verdicts and generate ex-
planations. Yet they often overlook a core require-
ment for human-facing fact-checking: explanations

*The corresponding author. Code is available on GitHub.

Figure 1: A motivating case showing how deceptive
explanatory style can mislead human judgment.

must be not only plausible, but also faithful. As
shown in Figure 1, even when an LLM predicts the
correct verdict, an unfaithful explanation can still
mislead human judgment.

Such failures often stem from deceptive explana-
tory styles in LLM-generated rationales (Turpin
et al., 2023; Chen and Shu, 2023), a phenomenon
related to faithfulness hallucination (Huang et al.,
2025a). These rationales may begin with factual
statements but gradually drift into verdict incon-
sistency, internal contradiction, or overconfident
fabrication. We therefore argue that effective ex-
plainable fact-checking requires disentangling fact
from deceptive style in explanations. In the worst
case, such unfaithful explanations may even cas-
cade into incorrect verdicts, since LLMs appear to
construct holistic internal conceptual representa-
tions before producing rationalized outputs, rather
than simply mirroring next-token prediction (An-
thropic, 2025).

Existing AFC methods such as HiSS (Zhang and
Gao, 2023) and L-Defenses (Wang et al., 2024)
mainly address these issues through external in-
terventions. While such methods reduce costly
manual involvement, their dependence on external
closed-source APIs or search engines introduces
additional latency and may inject misinformation
or hallucinations (Gekhman et al., 2024) into fine-
grained explanations. This compromises both re-
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Figure 2: Comparison between REFLEX and representative baselines. Hallucination levels are indicated by emojis.
The dashed line denotes an optional process. Bidirectional arrows in REFLEX denote self-disagreement signals.

liability and responsiveness, which are critical in
real-world fact-checking.

To address these limitations, we improve expla-
nation faithfulness by steering internal model acti-
vations. Our approach exploits self-disagreement
veracity signals across the model training lifecy-
cle, from a backbone model to its post-trained
variants, to disentangle transferable Steering Vec-
tors (SVs) (Han et al., 2024) into Inference Vec-
tors (IVs) and Knowledge Vectors (KVs). IVs cap-
ture style-sensitive veracity gains that emerge after
fine-tuning. Under limited supervision, fine-tuning
is often more effective at shaping task-specific rea-
soning styles and activating latent backbone knowl-
edge (Li et al., 2023b) than at injecting new fac-
tual knowledge (Ghosal et al., 2024; Ren et al.,
2024; Zhao et al., 2025). Amplifying these signals
therefore helps align explanations with verdicts. In
contrast, KVs capture fact-sensitive veracity drops
caused by knowledge conflicts (Gekhman et al.,
2024) introduced during fine-tuning, which can
induce alignment tax (Leike, 2022) and halluci-
nations. Suppressing these signals helps preserve
consistent factual representations. Based on this
insight, we adaptively activate the appropriate vec-
tor according to probability gaps and use it to re-
fine explanations, yielding our self-refining AFC
paradigm, namely, REason-guided Fact-checking
with Latent EXplanations (REFLEX).

Experiments show that our internal-activation-
based approach outperforms methods that rely
on external resources, either in verdict accuracy
alone or jointly in verdict accuracy and explana-
tion quality with more faithful and concise rea-
soning. Moreover, REFLEX generalizes across
backbones, datasets, and limited-sample settings,
demonstrating strong transferability (up to 7.54
Macro-F1 points), flexibility (up to 7.57 Macro-
F1 points), and data efficiency. We further find
that evidence-free training is better suited to our
paradigm, as external evidence can introduce noise

and amplify hallucinations. In addition, we ob-
serve a divergence amplification effect: larger di-
rectional discrepancies between KVs and IVs yield
more effective disentanglement and stronger gains.
Post-hoc analysis further shows that explanations
produced by REFLEX are more logically coherent
and less misleading, thereby mitigating faithfulness
hallucination and improving verdict accuracy.

Overall, our main contributions are as follows:

• We propose REFLEX, a simple yet effective
self-refining paradigm that disentangles fact
from style, improves explanation faithfulness,
and mitigates misinformation.

• REFLEX achieves state-of-the-art perfor-
mance on a real-world dataset using only a
small number of self-refined training samples,
while producing high-quality explanations.

• We show that REFLEX supports cross-model
transfer and exhibits performance-adaptive
transferability, which can reduce response la-
tency in fact-checking.

• We identify a divergence amplification effect
in REFLEX, where greater directional diver-
gence yields larger performance gains.

2 Background

Faithfulness in NLP. In NLP, faithfulness is typ-
ically studied from two perspectives. The first con-
cerns consistency between model predictions and
the reasoning that supports them (Jacovi and Gold-
berg, 2020; Atanasova et al., 2023; Parcalabescu
and Frank, 2024). However, recent work (Yan
et al., 2025) suggests that probabilistic models may
not capture genuine reasoning, but instead rely on
superficial patterns, i.e., style. We therefore use
human-written explanations as learning targets to
better approximate human reasoning style. The
second concerns consistency with the surrounding
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context, often referred to as faithfulness halluci-
nation (Huang et al., 2025a), including instruc-
tion, context, and logical inconsistency. Our work
follows this second line. Recent fact-checking
work (Kim et al., 2024) addresses explanation–
evidence alignment with multi-agent systems; in
contrast, we adopt an evidence-free single-model
setting to avoid hallucinations introduced by exter-
nal evidence and iterative interaction.

Explainable Fact-Checking With the rise of
LLMs, recent work has explored automatic expla-
nation mechanisms to reduce human annotation
effort in explainable fact-checking. As shown in
Figure 2, HiSS (Zhang and Gao, 2023) decom-
poses complex claims into atomic claims and ver-
ifies them with RAG (Lewis et al., 2020), using
retrieved reasoning trajectories as explanations. L-
Defense (Wang et al., 2024) distills adversarial
evidence and explanations from teacher models.
RAV (Shukla et al., 2025) builds a fully open-
source multi-agent dialogue system for claim veri-
fication and treats LLM responses as explanations.
Despite their promise, these methods face several
key challenges. RAG-based methods may intro-
duce hallucinations at both retrieval and generation
stages (Qian et al., 2023; Hu et al., 2025). Distilla-
tion and fine-tuning can amplify the snowballing ef-
fect (Leike, 2022) of teacher-model hallucinations.
Multi-agent systems are vulnerable to hallucination
propagation (Jain et al., 2025; Liang et al., 2026)
and incur additional interaction latency, making
them less suitable for time-sensitive fact-checking.
To address these limitations, REFLEX introduces
a self-refining and transferable paradigm that miti-
gates hallucinations in explanations, reduces infer-
ence latency, and improves the interpretability of
internal model behavior.

Style Control in Fact-Checking Several stud-
ies improve fact-checking by exploiting stylistic
differences across claim sources (e.g., human vs.
machine) to improve verdict prediction (Pérez-
Rosas et al., 2018; Rashkin et al., 2017). How-
ever, humans can deliberately manipulate style to
deceive, which weakens the reliability of such sig-
nals (Schuster et al., 2020; Wu et al., 2024). In
contrast, we anchor style control on verdict pre-
diction, steering the model toward less deceptive
explanations that remain aligned with the verdict.

Our approach builds on a broader line of work
on style control, ranging from controllable text
generation (Dathathri et al., 2019; Li et al., 2022)

to activation editing (Li et al., 2023a; Hernandez
et al., 2023). Recent steering-vector methods also
follow a contrastive paradigm. ITI (Li et al., 2023b)
identifies truth-related directions at inference time,
while CCS (Burns et al., 2023) and CAA (Rimsky
et al., 2024) learn contrastive directions associated
with truthfulness or stylistic behavior. However,
in explainable fact-checking, style and fact are
entangled: longer explanations and their associ-
ated verdicts may diverge due to attention disper-
sion (Wei et al., 2025), making strict contrastive
pairing infeasible. To address this issue, we refine
explanations through cross-stage sample selection
and by decomposing steering vectors into KVs and
IVs. To avoid shortcut learning over factual signals
alone, we further adopt label-free interventions.

3 Methodology

3.1 Task Formulation

Given a dataset D = {(c, evi, v, exp)i}Ni=1, where
c denotes a claim, evi optional evidence, v the gold
veracity label, and exp a human-written explana-
tion, REFLEX aims to generate verdicts and expla-
nations such that the explanation remains faithful
to the predicted verdict, thereby mitigating faithful-
ness hallucination.

As shown in Figure 3, REFLEX consists of
three stages: (1) Dialogue-style Fact-Checker
Training, which reformulates fact-checking as a
dialogue task and trains LLMs to jointly generate
verdicts and explanations; (2) Adaptive Sample
Selection, which identifies self-disagreement sam-
ples between a backbone model and its fine-tuned
variants; (3) Self-Explanation Guided Steering
(S-EGS), which disentangles steering vectors into
KVs and IVs from these samples and explicitly
aligns explanations with verdicts.

3.2 Dialogue-style Fact-Checker Training

Data Preprocessing. LLM backbones already
encode substantial factual knowledge (Li et al.,
2023b), and fine-tuning with limited data often
mainly activates this knowledge while adapting
the model to the downstream task (Berglund et al.,
2023; Ghosal et al., 2024; Ren et al., 2024).
We therefore reformulate conventional document-
style supervision as a single-turn QA-style di-
alogue to better activate backbone knowledge.
Prior work shows that QA-style supervision yields
stronger knowledge generalization during fine-
tuning, whereas document-style supervision (e.g.,
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Figure 3: Overview of the three-stage REFLEX paradigm. Red text denotes reasoning style acquired during
post-training, and green text denotes distorted factual knowledge in the backbone model.

Wikipedia text) yields weaker generalization (Zhao
et al., 2025).

Training Protocol. Following prior dialogue-
based training, we optimize a standard cross-
entropy objective to jointly predict verdicts and
explanations. For a comprehensive study, we con-
sider four input-output configurations:

x = [c] → y = [v], x = [c] → y = [v; exp],

x = [c; evi] → y = [v], x = [c; evi] → y = [v; exp].

To encourage coherent reasoning, we incorporate
Chain-of-Thought (CoT) (Wei et al., 2022), prompt-
ing the model to output its reasoning path as the
explanation, which has been shown to improve per-
formance (Lippmann and Yang, 2025). We further
adopt role-play prompting to strengthen reasoning
ability (Kong et al., 2024). Prompt templates and
training details are provided in Appendix B and C.

3.3 Adaptive Sample Selection

Self-Knowledge Extraction. After training, we
run inference on the training set using both the
backbone and post-trained models. Since the back-
bone lacks instruction-following ability (Liu et al.,
2022b), we use few-shot prompting to elicit its
knowledge. To avoid data leakage, few-shot exam-
ples are drawn either from another training split or
from a held-out validation set. To mitigate majority-
label bias in few-shot learning, we balance labels
when filling the maximum context window. For
reproducibility, we fix the temperature to zero.

Cross-Stage Sample Selection. Given veracity
predictions v̂base and v̂sft on the training set, we
categorize samples relative to the gold label vgold

as follows:

Quadrant 2: v̂base ̸= vgold, v̂sft = vgold

⇒ Reasoning Gain,

Quadrant 4: v̂base = vgold, v̂sft ̸= vgold

⇒ Knowledge Loss.

As shown in Figure 3, samples in Quadrant 2 (Q2)
capture cases in which post-training corrects the
backbone’s verdict. We treat these cases as rea-
soning gains, because under limited supervision,
fine-tuning is more likely to activate latent back-
bone knowledge and shape task-specific reasoning
style than to inject substantial new factual knowl-
edge (Li et al., 2023b; Berglund et al., 2023; Ghosal
et al., 2024; Ren et al., 2024). In other words, when
the post-trained model succeeds where the back-
bone fails, we attribute the improvement primarily
to better reasoning behavior rather than to newly
acquired facts. By contrast, samples in Quadrant 4
(Q4) capture cases in which post-training flips a pre-
viously correct backbone verdict into an incorrect
one. We interpret these cases as knowledge loss,
since the degradation is more plausibly explained
by conflicting knowledge or distorted factual repre-
sentations introduced during post-training, which
can lead to alignment tax (Leike, 2022) and hal-
lucinations (Gekhman et al., 2024; Huang et al.,
2025b). We therefore adaptively select samples
from Q2 and Q4 for subsequent steering.

3.4 Self-Explanation Guided Steering

Disentangled Steering. Unlike ITI (Li et al.,
2023b) and CAA (Rimsky et al., 2024), which
control a single factual or stylistic direction using
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explicit contrastive pairs and yield one steering vec-
tor, we decompose steering vectors into KVs and
IVs across the quadrants above to disentangle fact
and style. Specifically, we amplify style-sensitive
signals by steering the model toward the positive
IV direction, thereby aligning explanations with
verdicts. Conversely, we suppress fact-sensitive
signals by steering the model away from negative
KV directions, thereby preserving consistent fac-
tual representations. We select the optimal KV
or IV by maximizing the probability gap between
unsteered and steered outputs, which we find to
correlate with verdict accuracy. For each candidate
direction, we measure how much steering increases
the model’s probability assigned to the gold ver-
dict relative to the unsteered baseline, and select
the direction with the largest improvement (details
in Appendix D). In addition, because entangled or
inconsistent factual and stylistic signals weaken
contrastive supervision, we adopt label-free inter-
ventions that do not rely on explicitly specified fac-
tual directions, enabling more robust in-the-wild
steering. To improve conceptual separability while
keeping computational overhead low, we use logis-
tic probes and intervene only at decoder blocks. Im-
plementation details are provided in Appendix C.

Explanation Refinement. To further align expla-
nations with verdicts, we quantify the alignment
between each token’s hidden representation and the
optimal direction using cosine similarity. For layer
l and token t, let h denote the hidden state and s the
optimal vector. We define the alignment score as
al,t =

hl,t·sl
∥hl,t∥∥sl∥ . Positive scores indicate alignment

with the optimal direction, while negative ones in-
dicate the opposite. Segments with dense nega-
tive scores are often associated with redundant or
noisy stylistic content. We therefore suppress them
using the lightweight Ratcliff-Obershelp pattern-
matching algorithm (Ratcliff and Metzener, 1988)
to improve explanation readability.

4 Experiments and Results

Datasets. To better reflect real-world fact-
checking and reduce hallucination risk, we use
three datasets whose claims originate from pro-
fessional fact-checking platforms and whose ex-
planations are human-written: RAW-FC (Yang
et al., 2022), LIAR-RAW (Yang et al., 2022), and
AVeriTeC (Schlichtkrull et al., 2023). In RAW-FC
and LIAR-RAW, explanations directly justify the
claim label, whereas in AVeriTeC they justify both

the claim and its supporting evidence. For simplic-
ity, we refer to all such rationales as explanations
(details in Appendix E).

Metrics. For verdict prediction, we report Pre-
cision, Recall, and Macro-F1. For explanation
quality, we conduct both automatic and manual
evaluations. (1) Automatic evaluation. Follow-
ing Wang et al. (2024), we use ChatGPT as a
judge (Gu et al., 2025) along four dimensions:
Misleadingness, Informativeness, Soundness, and
Readability. Misleadingness measures whether an
explanation is consistent with the veracity label,
while Soundness measures whether the explana-
tion is logically valid and grounded; these two di-
mensions most directly reflect context and logical
consistency under faithfulness hallucination. The
remaining dimensions are described in Appendix F.
(2) Manual evaluation. For baselines, we fol-
low Wang et al. (2024) and conduct point-wise
evaluation on a subset of RAW-FC. For ablations,
we perform three rounds of pairwise evaluation on
misleadingness over all samples in Section 5.3.

4.1 Baseline Trials

4.1.1 Baselines
We compare against two categories of methods: (1)
External Dependency Design: ChatGPT (Ope-
nAI, 2023), HiSS (Zhang and Gao, 2023), FactL-
LaMA (Cheung and Lam, 2023), L-Defense (Wang
et al., 2024), and RAV (Shukla et al., 2025); (2) In-
ternal Control Design: REFLEX (ours). Among
these, FactLLaMA also uses the Google API to
retrieve evidence and fine-tunes LLaMA-2-7B. To
remain comparable to most baselines, we adopt
LLaMA-2-7B as the backbone in this section.

4.1.2 Results
For verdict prediction, Table 1 shows that our
method achieves state-of-the-art performance on
RAW-FC without relying on closed-source APIs,
retrieved evidence, or large-scale multi-agent sys-
tems. After Stage 1 (SFT), it surpasses Chat-
GPT by 16.16 Macro-F1 points and HiSS by 6.69
points. Compared with FactLLaMA, which uses
the same backbone but lacks dialogue-style super-
vision and full-parameter tuning, our model gains
4.94 points. It performs comparably to RAV while
using only a single model, and remains slightly be-
low L-Defense. After applying S-EGS, our method
surpasses RAV by 5.80 points and L-Defense by
3.79 points, despite using only 465 self-extracted
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Model x → y Model
No Closed-Source API Dependency

/ # Distilled Explanations for Training
RAW-FC LIAR-RAW

P R macF1 P R macF1

External Dependency Design

ChatGPT
c→v; exp – q/ – 47.72 48.62 44.43 25.41 27.33 25.11
c, evi→v; exp – q/ – 39.48 45.07 39.31 29.64 23.57 21.90

HiSSGoogle c→v; exp ChatGPT q/ – 53.40 54.50 53.90 46.80 31.30 37.50
FactLLaMAGoogle c; evi→v LLaMA2-7B q/ – 56.11 55.50 55.65 32.46 32.05 30.44
L-Denfense c; evi→v; exp ChatGPT + Roberta-Large q/ 32,240 61.72 61.01 61.20 30.55 32.20 30.53
RAV c; evi→v; exp LLaMA-3.1-70B-Instruct ×3 ¥/ – – – 59.19 – – 25.40

Internal Control Design (Ours)
SFT c→v; exp LLaMA2-7B ¥/ 0 60.66 61.04 60.59 48.38 46.83 43.05
S-EGS c→v; exp LLaMA2-7B ¥/ 465 65.04 65.01 64.99 52.45 50.39 50.59

Table 1: Performance comparison on RAW-FC and LIAR-RAW. “Google” indicates the use of the Google Search
API. Full baseline details are provided in Appendix G.

RAW-FC LIAR-RAW
M↓ I S R M↓ I S R

Oracle - skyline 1.52 4.46 4.73 4.72 1.85 4.44 4.60 4.69
ChatGPTw/ evi 2.07 4.44 4.62 4.69 2.29 3.71 4.04 3.99
ChatGPTw/o evi 1.97 4.00 4.44 4.68 2.27 3.93 4.29 4.50
L-DefenseLLaMA2 1.95 4.44 4.67 4.62 2.20 4.39 4.64 4.63
L-DefenseChatGPT 1.91 4.17 4.41 4.49 2.06 4.12 4.28 4.47
Ours
SFT 1.90 4.78 4.82 4.55 1.90 4.48 4.60 4.65
S-EGSLLaMA2 1.79 4.88 4.83 4.80 1.77 4.58 4.66 4.83

Table 2: Automatic evaluation of explanation quality.
The best REFLEX variant with LLaMA-2 is reported.

samples versus 32,240 GPT-3.5-distilled explana-
tions in L-Defense. This highlights the strong
data efficiency of REFLEX. Since our models are
trained under the three-way label setting used by
explanation-based methods, we do not report a di-
rect verdict comparison on LIAR-RAW here.

For explanation quality, we evaluate open-
source baselines that generate explanations. Fol-
lowing Wang et al. (2024), we map the six LIAR-
RAW labels to three for all applicable baselines,
and include an Oracle setting (ChatGPT with gold
claims and verdicts) as a skyline. As shown in
Table 2, after SFT our model achieves the best
performance on RAW-FC in misleadingness, infor-
mativeness, and soundness, trailing only L-Defense
(ChatGPT-distilled) in readability. On LIAR-RAW,
it achieves the best informativeness and readabil-
ity, and ranks second to L-Defense (LLaMA-2)
in soundness. Applying S-EGS further improves
all metrics consistently. Human evaluation (Ap-
pendix I) confirms the same trend. Because LLM-
as-a-Judge may exhibit length bias (Gu et al., 2025),
we also report explanation lengths in Appendix H.
Under the same backbone, our explanations are
shorter than those of L-Defense on RAW-FC, and
shorter than all baselines, including Oracle, on
LIAR-RAW, suggesting that REFLEX produces

explanations that are both concise and faithful.

4.2 Ablation Studies
We conduct the following ablation experiments on
top of SFT models as baselines.

4.2.1 On Backbone Models
To assess generalization across backbones, in ad-
dition to LLaMA-2-7B, we also train and evaluate
Qwen-3-8B (Yang et al., 2025).

As shown in Table 3, S-EGS improves over SFT
on all three datasets in most settings, with gains of
up to 5.03 Macro-F1 points, demonstrating strong
generalization across backbones. The two marginal
drops are likely due to severe recency bias in few-
shot prompting (Appendix J), despite existing miti-
gation strategies (Lu et al., 2022; Min et al., 2022;
Nguyen and Wong, 2023). Two patterns are note-
worthy: (1) LLaMA-2 benefits more from S-EGS
than Qwen-3; (2) AVeriTeC shows the smallest
gains, despite the strongest SFT performance and
the lowest hallucination rate (Appendix K). We
attribute this saturation phenomenon to its QA-
style formulation, which already aligns well with
our training paradigm (Section 3.2).

Two additional trends emerge from the train-
ing configurations. (1) Using explanations as
targets is consistently beneficial. At the SFT
stage, explanation-based supervision improves per-
formance across settings. In contrast, at the BASE
stage, LLaMA-2 performs better without explana-
tions, likely because its pretraining already strongly
emphasizes factual knowledge (Touvron et al.,
2023). (2) Evidence conditioning is often harm-
ful. At the BASE stage, adding evidence generally
degrades performance, especially for LLaMA-2,
which is consistent with its weaker intrinsic rea-
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Backbone Stage x→y Raw-FC ∆ mac-F1 LIAR-RAW ∆ mac-F1 AVeriTeC ∆ mac-F1

LLaMA-2

BASE

c→v 35.61 – 29.26 – – –
c; evi→v 27.08 – 16.97 – 28.18 –
c→v; expcross 34.41 – 12.48 – – –
c[; evi]→v; expself 31.68 – 35.80 – 27.70 –

SFT
c→v 26.44 -9.17 37.23 +7.97 – –
c; evi→v 44.85 +17.77 40.21 +23.24 75.91 +47.73
c[; evi]→v; exp 60.59 +26.18 43.05 +7.25 84.62 +56.92

S-EGS
c→v 31.47 +5.03 38.65 +1.42 – –
c→v; expcross 64.99 +4.40 42.77 -0.28 – –
c[; evi]→v; expself 61.81 +1.22 43.06 +0.01 84.61 -0.01

Qwen-3

BASE

c→v 46.54 – 37.63 – – –
c; evi→v 46.23 – 41.30 – 66.14 –
c→v; expcross 46.66 – 42.25 – – –
c[; evi]→v; expself 48.86 – 39.16 – 66.02 –

SFT
c→v 41.67 -4.87 41.72 +4.09 – –
c; evi→v 63.17 +16.94 42.29 +1.69 85.52 +19.38
c[; evi]→v; exp 58.35 +9.49 46.73 +4.48 88.02 +22.22

S-EGS
c→v 41.69 +0.02 41.73 +0.01 – –
c→v; expcross 59.39 +1.04 47.13 +0.40 – –
c[; evi]→v; expself 58.86 +0.51 46.53 -0.20 88.21 +0.19

Table 3: Macro-F1 of S-EGS across backbones, training stages, and datasets. cross denotes few-shot examples drawn
from another dataset, while self denotes examples drawn from the model’s own validation set. [;] indicates optional
evidence inputs, used only for AVeriTeC since its explanations are evidence-grounded. For SFT, ∆ Macro-F1 is
computed against the best BASE configuration.

soning ability (Gandhi et al., 2025). At the SFT
stage, excluding AVeriTeC because its explanations
are inherently evidence-grounded, we find that al-
though evidence can help under the c → v setting,
models trained with explanations but without ev-
idence (c → v; exp) generally outperform mod-
els trained with evidence but without explanations
(c; evi → v), except for Qwen-3 on RAW-FC. We
conjecture that evidence introduces noise that can
amplify hallucinations, while Qwen-3’s stronger
reasoning ability partially compensates for this ef-
fect (Gandhi et al., 2025). Based on these findings,
we use the evidence-free explanation-based objec-
tive (c → v; exp) for RAW-FC and LIAR-RAW in
subsequent experiments.

4.2.2 On Cross-model Transfer
Although LLMs often overfit across domains, and
some prior work, e.g., LIMA (Zhou et al., 2023)
and Character-LLM (Shao et al., 2023), even ex-
ploits deliberate overfitting for broader adaptation,
our goal is to avoid overfitting and preserve scien-
tific validity under realistic transfer. We therefore
conduct cross-model steering using optimal vec-
tors learned on LIAR-RAW and RAW-FC, exclud-
ing AVeriTeC because its dialogue format differs

Model Transfer Source Target

F ∆ F ∆

LLaMA-2 R → L 64.99 +4.40 50.59 +7.54
L → R 43.06 +0.01 47.20 -13.39

Qwen-3 R → L 59.39 +1.04 45.12 -1.61
L → R 47.13 +0.40 41.04 -17.31

Table 4: Cross-dataset transfer results (Macro-F1).
R: RAW-FC. L: LIAR-RAW. ∆: gain over SFT.
Corr(∆)=0.89; Corr(Source F, Target ∆)=0.95 (Pear-
son). See Appendix M for full results.

substantially from the other two. We also remove
overlapping few-shot samples to avoid leakage.

As shown in Table 4, we observe two key pat-
terns. (1) Transfer performance depends strongly
on source model strength: the Pearson correlation
between source Macro-F1 and target ∆ Macro-F1
is 0.95. Strong vectors extracted from a better-
performing source model (source Macro-F1 =
64.99) can substantially improve a weaker tar-
get setting (source Macro-F1 = 43.06) by up to
7.54 points, whereas weak vectors extracted from
a weaker model (source Macro-F1 = 47.13) can
degrade a stronger target setting (source Macro-
F1 = 59.39) by up to 17.31 points. This demon-
strates performance-adaptive transferability. (2)
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Backbone Direction Objective Raw-FC LIAR-RAW AVeriTeC

LLaMA-2

Vertical

w/o exp
34.01
(↑7.57)

38.37
(↑1.14)

74.86
(↓1.05)

w/ exp
62.17
(↑1.58)

43.61
(↑0.56)

85.86
(↑1.24)

Horizontal

w/o exp
34.82
(↑8.38)

38.37
(↑1.14)

74.79
(↓1.12)

w/ exp
62.64
(↑2.05)

43.73
(↑0.68)

82.92
(↓1.70)

Qwen-3

Vertical

w/o exp
41.69
(↑0.02)

41.91
(↑0.19)

85.71
(↑0.19)

w/ exp
58.88
(↑0.53)

46.80
(↑0.07)

88.62
(↑0.60)

Horizontal

w/o exp
42.10
(↑0.43)

41.76
(↑0.04)

85.89
(↑0.37)

w/ exp
58.32
(↓0.03)

47.04
(↑0.31)

88.91
(↑0.89)

Table 5: Macro-F1 gains over SFT under different pair-
ing strategies and training objectives.

Compared with LLaMA-2, Qwen-3 exhibits much
weaker transferability, yielding only limited gains
under cross-dataset steering.

4.2.3 On Pairs Combinations
To further test the flexibility of REFLEX, we con-
struct inconsistent training pairs across objectives
to induce more explicit disentanglement.

Vertical steering pairs BASE outputs without
explanations (c → vbase) and with explanation-
augmented SFT outputs (c → v; expsft). Horizon-
tal steering pairs SFT outputs with and without
explanations (c → vsft vs. c → v; expsft), indepen-
dently of the standard REFLEX setup. For clarity,
we omit evidence inputs for AVeriTeC hereafter.

As shown in Table 5, both steering axes im-
prove performance on all datasets except AVeriTeC,
demonstrating the flexibility of the framework. No-
tably, explanation-guided vectors (c → v; exp) can
effectively steer explanation-free outputs (c → v),
yielding gains of up to 8.38 Macro-F1 points. This
suggests that explanations can function as internal
activation signals for reasoning. The slight drop
(> 0.1) on AVeriTeC is again likely due to satura-
tion (Section 4.2.1). Moreover, horizontal steering,
which is derived solely from the SFT model, yields
two drops on AVeriTeC, whereas vertical steering
within REFLEX yields only one, further indicating
the robustness of REFLEX.

5 Analysis

To better understand how REFLEX improves ver-
dict prediction and explanation quality, we analyze
explanation quality across all improved variants
and conduct additional model-internal studies.

Vector Split Factual Metric Stylistic Metrics

M↓ I S

KV
Total 1.58 4.56 4.72
- Correct 1.52 4.56 4.74
- Error 1.74 4.54 4.67

IV
Total 1.90 4.86 4.79
- Correct 1.89 4.85 4.79
- Error 1.91 4.86 4.79

Table 6: Average scores of explanations guided by the
optimal KVs and IVs.

5.1 Overall Evaluation

As shown in Table 22 (Appendix R), automatic
pointwise evaluation shows that steering generally
shifts explanations toward lower misleadingness
and higher informativeness, soundness, and read-
ability. These trends suggest that REFLEX im-
proves explanation faithfulness, especially in M
and S, while also improving stylistic plausibil-
ity (Agarwal et al., 2024) across I, S, and R (see
Appendix A).

Because automatic evaluation may be unstable,
we additionally conduct three rounds of pairwise
human evaluation on the most factuality-relevant
dimension, misleadingness, using Dual w/exp pairs.
Figure 4 shows that REFLEX achieves higher or
comparable non-misleadingness in most settings,
except for Qwen-3, which is consistent with the
automatic results. Overall error patterns are sum-
marized in Appendix P. In some cases, human re-
sults appear more favorable than automatic ones,
possibly due to the relatively high standard error
of automatic pointwise misleadingness scores (Ap-
pendix R).

5.2 Disentanglement Effectiveness

To assess the effectiveness of disentanglement, we
analyze it from two perspectives: empirical pat-
terns in explanation quality and structural patterns
in the learned directions.

Empirical Validation. We first aggregate point-
wise evaluation results by the type of optimal vec-
tor, excluding readability because it is affected by
post-processing. We then divide the results into
correct and erroneous verdict cases. Two patterns
emerge. (1) KVs are associated with lower mislead-
ingness, suggesting a stronger relationship to fac-
tual consistency, whereas IVs are associated with
higher informativeness and soundness, which is
consistent with stylistic improvement. (2) Under
KVs, the misleadingness gap between correct and
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(a) RAW-FC (b) LIAR-RAW (c) AVeriTeC

Figure 4: Pairwise human evaluation of explanation non-misleadingness against the corresponding SFT models.

(a) LLaMA-2 (b) Qwen-3

Figure 5: Layer-wise cosine similarity between KVs and
IVs for Dual w/o exp, Dual w/exp, and Single w/exp.

erroneous cases is relatively large (1.52 vs. 1.74),
which is consistent with the interpretation that KVs
are more sensitive to factual differences. These
findings support our distinction between IV-related
reasoning style and KV-related factual sensitivity.

Representation Structure. We next analyze the
geometry of the learned directions. Specifically,
we extract the optimal KV and IV at each layer
for explanation-related pairs and compute their co-
sine similarity. Because similar patterns are ob-
served across datasets (Appendix N), we report
the mean similarity. Figure 5 shows that KV and
IV directions tend to exhibit negative similarity,
which is consistent with the hypothesis that they
capture distinct aspects of the model’s internal be-
havior. We also observe a pattern that we refer
to as the divergence amplification effect: set-
tings with larger directional discrepancies between
KVs and IVs also tend to show stronger empir-
ical gains. Across backbones, Qwen-3 exhibits
smaller KV-IV differences than LLaMA-2, which
may help explain its weaker gains and lower trans-
ferability. Across pair constructions, Single w/exp
exhibits the largest directional differences, which
aligns with the stronger improvements observed
when explanation-related pairs are used to steer
lower-information settings without explanations
(Section 4.2.3). Additional analyses and case stud-
ies are provided in Appendix Q.

5.3 Statistical Correlations

Figure 6: Correlation matrix between explanation qual-
ity and fact-checking performance.

To further examine whether improved explana-
tions are associated with better verdict prediction,
we analyze the correlation between verdict perfor-
mance and point-wise explanation quality. Fig-
ure 6 shows that performance is most strongly as-
sociated with faithfulness-related metrics: both
Macro-F1 and accuracy are strongly negatively cor-
related with misleadingness (-0.85 and -0.96), and
strongly positively correlated with soundness (0.91
and 0.78). These results suggest that the gains of
REFLEX are closely related to reduced faithful-
ness hallucination and improved logical coherence.
Additional analyses and case studies are provided
in Appendices S and T.

6 Conclusion

We introduced REFLEX, a simple and effective
paradigm for explainable fact-checking that im-
proves verdict prediction and explanation faithful-
ness by steering internal model activations rather
than relying on external resources. Experiments
across multiple settings demonstrate its effective-
ness, generalizability, and flexibility.
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Limitations

Experiment Scale. Although we conducted ex-
tensive ablations across backbone models, cross-
model transfer, pair combinations, and other set-
tings, disk quota constraints and the overall ex-
perimental scope limited our study to LLaMA-2,
Qwen-3, and Mistral-v0.1 (Appendix P, Table 20).
Moreover, research on real-world truthfulness does
not necessarily follow standard scaling laws (Li
et al., 2023b). We therefore restrict our evaluation
to models at the 7B–8B scale.

Label Scheme. Although our method improves
both verdict accuracy and explanation quality,
thereby strengthening their alignment, we adopt
a three-way label scheme on LIAR-RAW, follow-
ing prior work (Wang et al., 2024). This choice
reflects the difficulty LLMs face in generating ex-
planations for overly fine-grained labels, such as
“pants-on-fire.” Importantly, our goal is not merely
to achieve state-of-the-art performance, but also to
obtain interpretable insights.

Internal Design. Our internally guided paradigm
reduces misinformation and response latency rela-
tive to methods that rely on external resources. Al-
though internal knowledge may become outdated,
this issue could in principle be mitigated through
the lightweight activation-editing techniques on
which we build (Section 2), enabling rapid adap-
tation to emerging fake news. However, existing
time-shifted datasets such as VitaminC (Schuster
et al., 2021) do not provide explanations, which
prevents their direct use in our explainable setting.

Ethics Statement

Although our experiments use open-source datasets
and models, these models may still contain social
biases inherited from their pretraining data. A sys-
tematic analysis or mitigation of such biases is
beyond the scope of this work. Our primary fo-
cus is on reducing faithfulness hallucination and
improving explanation quality.
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Appendix
A Concept Alignment

Hallucination typically refers to the generation
of content that is either nonsensical or unfaithful to
the provided source information (Filippova, 2020;
Maynez et al., 2020).

Its impact is application-dependent. In some
domains, such as personalized role-play dia-
logue (Kong et al., 2025) and creative genera-
tion (He et al., 2025), it can even be beneficial.
However, in high-stakes societal domains such as
law and fact-checking, as well as in knowledge-
intensive tasks (Sun et al., 2025, 2026), hallucina-
tions are harmful.

In the era of large language models (LLMs), re-
cent work (Huang et al., 2025a) further categorizes
hallucinations into two main types: factuality hal-
lucinations and faithfulness hallucinations.

Factuality hallucinations arise when LLMs pro-
duce outputs that are inconsistent with real-world
facts or are potentially misleading.

Faithfulness hallucinations concern whether
generated content remains consistent with user in-
structions, provided context, and internal logical
coherence. Accordingly, they can be categorized
into instruction inconsistency, context inconsis-
tency, and logical inconsistency. We argue that,
in essence, this type of hallucination can be under-
stood as context inconsistency.

Misinformation refers to false or inaccurate in-
formation that is created deliberately and propa-
gated either intentionally or unintentionally. In
the context of social media, Chen and Shu (2024)
adopts a broader view, treating misinformation as
an umbrella term that encompasses all false or in-
accurate information circulating on social media
platforms.

Under this definition, misinformation can be cat-
egorized into several types, including fake news,
rumors, conspiracy theories, clickbait, misleading
claims, and cherry-picking.

Moreover, they suggest that LLM-generated mis-
information may exhibit more deceptive styles,
thereby posing greater potential risk of real-world
harm.

Misinformation vs. Hallucination. Chen and
Shu (2024) shows that hallucination is one source
of misinformation, while Huang et al. (2025a) sug-
gests that misinformation can also cause hallucina-
tion. Therefore, they can be regarded as intertwined

phenomena that mutually influence each other in a
bidirectional relationship.

Knowledge vs. Style. “IVs extracted from Q2
samples capture style-dependent veracity gains”
is supported by prior empirical work:

- OpenAI’s fine-tuning guide notes that fine-
tuning performs well in show-not-tell scenarios:
“show” corresponds to stylistic patterns, whereas
“tell” corresponds to knowledge injection.

- Several studies (Ren et al., 2024; Ghosal et al.,
2024; Zhao et al., 2025) argue that injecting spe-
cific or new knowledge via fine-tuning is compar-
atively difficult. Zhao et al. (2025) finds that fine-
tuning on recent Wikipedia events (knowledge) per-
forms worse, whereas fine-tuning on writing with
a specific tone (style) yields near-perfect behavior.

- Yan et al. (2025) shows that probability-based
LLM inference in reasoning tasks often reflects
memorized stylistic patterns.

“KVs extracted from Q4 samples isolate fact-
sensitive veracity drops” is similarly supported by
prior empirical findings.

- Li et al. (2023c) points out that backbone mod-
els already encode extensive factual knowledge
(Section 3.2.1, lines 203–207).

- Gekhman et al. (2024) reports that fine-tuning
on new knowledge can increase hallucination risk,
especially for dynamic knowledge in fact-checking.

- In alignment research, this phenomenon is
sometimes informally referred to as an alignment
tax (Leike, 2022).

Transferred to our task, this literature suggests
a natural mapping: style corresponds to reason-
ing style, while knowledge corresponds to factual
grounding. This distinction motivates separating
IV-driven style from KV-driven factual sensitivity.

Faithfulness vs. Plausibility on NLE. Natu-
ral Language Explanations (NLEs) refer to expla-
nations expressed in natural language. Accord-
ing to (Agarwal et al., 2024), recent work shows
that modern LLMs can generate self-explanations
(SEs), which aim to elicit intermediate reasoning
steps to account for model outputs. They define the
concepts of faithfulness and plausibility.

- Plausibility concerns whether an explanation
aligns with human reasoning and understanding. In
this work, we treat it as a stylistic pattern.

- Faithfulness evaluates whether an explanation
accurately reflects the model’s underlying reason-
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ing process. However, since we do not assume that
LLMs possess genuine reasoning capabilities, our
notion of faithfulness is framed through the lens of
faithfulness hallucinations.

B Prompt Template

Following Liu et al. (2022b); Chen et al. (2025), the
prompt template we use for training and inference
is as follows:

A chat between a curious human and an
artificial intelligence assistant.
You are a fact-checking assistant.
You are given a claim [(along with evidence
sentences)].
Your task is to label the overall veracity of
the claim based on your internal knowledge
[or, on the provided evidence sentences].
Please reason step by step and explain how
you reached your conclusion.

The Label Definitions are as follows:
TRUE|true: The claim is verified as
TRUE|true based on your knowledge.
FALSE|fase: The claim is verified as
FALSE|false based on your knowledge.
HALF-TRUE|half: The claim is verified
as half-true| due to insufficient knowledge
leading to uncertainty, or because the claim
itself is partially true.
##### or, for given evidence:
TRUE|true: The claim is verified as true or
mostly-true by the evidence.
FALSE|false: The claim is verified as false
or mostly false by the evidence.
HALF-TRUE|half: The claim is verified as
half-true|half by the evidence, or the evi-
dence can not prove the claim.
##### or, for AVeriTeC:
Supported: The claim is supported by the
arguments and evidence presented.
Refuted: The claim is contradicted by the
arguments and evidence presented.
Not Enough Evidence: There is not enough
evidence to support or refute the claim.

Based on the below claim and your
own knowledge, determine the veracity of
the claim.
##### or, for given evidence:

Based on the below claim and evidence,
determine the veracity of the claim.
Please strictly output in the following
format:
Verdict: [label]. Explanation: [your
reasoning here]

Consistent with Wang et al. (2024), the prompt
template used to ask ChatGPT to conduct automatic
evaluation is shown below:

You are a helpful, harmless and precise as-
sistant.
Please evaluate the quality of the explana-
tions in prediction based on four metrics:
misleadingness, informativeness, sound-
ness, and readability, where 1 represented
the poorest and 5 the best in addition to mis-
leadingness.
The definitions of the metrics are:
(1) Misleadingness assesses whether the
model’s explanation is consistent with the
real veracity label of a claim, with a rating
scale ranging from 1 (not misleading) to 5
(very misleading);
(2) Informativeness assesses whether the ex-
planation provides new information, such
as explaining the background and additional
context, with a rating scale ranging from 1
(not informative) to 5 (very informative)
(3) Soundness describes whether the expla-
nation seems valid and logical, with a rating
scale ranging from 1 (not sound) to 5 (very
sound)
(4) Readability evaluates whether the expla-
nation follows proper grammar and struc-
tural rules, and whether the sentences in
the explanation fit together and are easy to
follow, with a rating scale ranging from 1
(poor) to 5 (excellent).
Please output scores in the following JSON
format:
```
{{
’Misleadingness’: [an integer number from
1 to 5],
’Informativeness’: [an integer number from
1 to 5],
’Soundness’: [an integer number from 1 to
5],

4417



’Readability’: [an integer number from 1 to
5]
}}
```
Claim: {claim} Label: {label}
Prediction: {verdict}
Score:

C Implementation Details

For model training, Table 11 shows the hyperpa-
rameter settings. Except for gradient accumulation
steps and maximum context length, which depend
on dataset size and sample length, we trained mod-
els on 1–4×A100-80G GPUs with a learning rate
of 2e-5, per-device batch size of 4, weight decay
0, warmup ratio 0.03, a cosine scheduler, bf16/tf32
precision, gradient checkpointing, and full-shard
FSDP with auto wrapping. For LLaMA-2, we se-
lected the epoch-2 checkpoint, which achieved the
best balance between factual accuracy and instruc-
tion following. For Qwen-3, severe overfitting oc-
curred at epoch 2 on some LIAR-RAW and RAW-
FC variants (training accuracy exceeded test accu-
racy by 20–40%), so we used the epoch-1 check-
point instead.

For steering, consistent with the terminology of
CAA (Rimsky et al., 2024), we use multipliers to
denote steering magnitude. We sweep all layers
and vary the multiplier over ±0.5, ±1, ±1.5, and
±2. Empirically, multipliers with magnitude ≥ 2
(we additionally tested ±2, ±3, ±5, ±10, and ±20)
drive the model into non-instruction-following re-
sponses. The full optimal layers and multiplier
hyperparameters across baseline trials and ablation
studies are reported in Appendix O.

We formalize disentangled steering as quadrant-
conditioned activation probing over decoder hidden
states in Algorithm 1.

Let the hidden activation at decoder layer l and
token position t be:

hl,t ∈ Rd

Two supervision datasets are constructed from
cross-stage quadrants. The Q2 dataset is defined
as:

DIV = {(h+
l,i,h

−
l,i)}Ni=1

where:

• h+: SFT-correct reasoning activations

• h−: backbone-error activations

The Q4 dataset is defined as:

DKV = {(h+
l,i,h

−
l,i)}Ni=1,

where:

• h+: backbone-correct activations

• h−: SFT-drift activations

Algorithm 1: Disentangled Steering via
Quadrant-Conditioned Probing

Input: Q2 dataset (reasoning correction),
Q4 dataset (factual preservation),
decoder layers L, steering
multipliers A

Output: Optimal inference vector IV ∗ and
knowledge vector KV ∗

foreach l ∈ L do
Extract Q2 activations {(h+l,i, h−l,i)}Ni=1;
Train logistic probe
pIVl (h) = σ(W IV⊤

l h+ bIVl );
Normalize IVl = W IV

l /∥W IV
l ∥;

Extract Q4 activations {(h+l,i, h−l,i)}Ni=1;
Train logistic probe
pKV
l (h) = σ(WKV⊤

l h+ bKV
l );

Normalize KVl = WKV
l /∥WKV

l ∥;
foreach α ∈ A do

Apply IV steering:
h′l,t = hl,t + α IVl;

Apply KV steering:
h′l,t = hl,t − αKVl;

Compute improvement ∆Pl,α;

Record (l, α∗
l ) = argmaxα∆Pl,α;

Select l∗ = argmaxl ∆Pl,α∗
l
;

Set: IV ∗ = αl∗IVl∗ , KV ∗ = αl∗KVl∗ ;

D Alignment between Probability and
Performance

Here, we report the probability gap and the corre-
sponding Macro-F1 for Dual w/explanation pairs
on RAW-FC with LLaMA-2. As shown in Table 7,
the overall correlation between probability shifts
and verdict accuracy reaches 92%, and their ex-
trema are aligned: the largest probability gaps cor-
respond to the largest performance shifts in both
directions.
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Table 7: Maximum and minimum probability gaps
(∆Prob.) between unsteered and steered outputs across
32 layers (step = 5), with corresponding Macro-F.

Layer Multiplier Macro-F (%) ∆Prob.(%)

1 1.5 48.64 -4.32
5 1.5 58.59 0.07
10 1.5 64.99 0.14
10 -1.5 59.61 -0.15
11 -1.5 60.91 -0.14
15 1.5 63.09 0.11
16 -1.5 61.63 -0.12
17 1.5 59.88 0.11
22 -1.5 61.10 -0.08
22 1.5 60.57 0.07
29 1.5 60.63 0.06
30 -1.5 61.13 -0.06

Correlation (Macro-F vs. Gap) 0.92

Table 8: Summary statistics of dataset distributions.
Label values 0-2 represent increasing veracity labels:
{False/Refuted, Half-True/Not Enough Evidence, True/-
Supported}.

Dataset Split 0 1 2 Total

RAWFC
train 514 537 561 1,612
eval 66 67 67 200
test 66 67 67 200

LIAR-RAW
train 2,568 1,336 2,264 6,168
eval 410 159 292 861
test 367 169 319 855

AVeriTeC
train 1,742 849 282 2,873
eval 305 35 122 462
test 303 33 120 456

E Dataset Details

We use three fact-checking datasets: RAW-FC from
Snopes1, LIAR-RAW (Yang et al., 2022) from Poli-
tiFact2, and AVeriTeC. For RAW-FC and LIAR-
RAW, evidence corresponds to the annotated rel-
evant evidence (labeled as 1). Since AVeriTeC is
natively multi-turn, we flatten each dialogue into a
single-turn instance for consistency.

In terms of data structure, RAW-FC and LIAR-
RAW follow the standard fact-checking format
{claim, evidence, label, explanation}. In contrast,
AVeriTeC decomposes fact-checking into a QA-
style multi-turn verification process.

The datasets adopt different label schemes.
RAW-FC uses {True, Half-True, False}, LIAR-
RAW contains six labels, and AVeriTeC uses {Sup-
ported, Not Enough Evidence, Conflicting Evi-
dence/Cherrypicking, Refuted}. To support joint

1www.snopes.com
2www.politifact.com

verdict prediction and explanation generation in
REFLEX, we unify labels as follows. For LIAR-
RAW, we merge {pants-fire, false, barely-true} into
False, retain Half-True, and merge {mostly-true,
true} into True. For AVeriTeC, we discard Conflict-
ing Evidence/Cherrypicking because of its ambi-
guity. We further remove LIAR-RAW instances
without evidence and exclude AVeriTeC few-shot
examples from validation to prevent data leakage.

As shown in Table 8, the training sample sizes
of the three datasets are all below 10K, which
matches the assumption of our paradigm, namely
fine-tuning on limited data. Among them, RAW-
FC is label-balanced, whereas LIAR-RAW and
AVeriTeC are not. Since AVeriTeC does not re-
lease a test set to avoid leakage, we use its vali-
dation set for evaluation after removing training
overlaps. Finally, because some baselines cannot
handle dialogue-style inputs, baseline comparisons
are reported only on RAW-FC and LIAR-RAW.

Since the human-annotated RAW-FC test set is
relatively small, similar to other manually con-
structed benchmarks such as MT-Bench, we ad-
ditionally compute confidence intervals using boot-
strap resampling for the first ablation study (see
Appendix L).

F Automatic Evaluation Details

We conduct automatic pointwise evaluation on four
dimensions: (1) Misleadingness, which assesses
whether the model’s explanation is consistent with
the true veracity label of a claim, with a rating
scale from 1 (not misleading) to 5 (very mislead-
ing); (2) Informativeness, which assesses whether
the explanation provides new information, such
as background or additional context, with a rating
scale from 1 (not informative) to 5 (very informa-
tive); (3) Soundness, which assesses whether the
explanation appears valid and logical, with a rat-
ing scale from 1 (not sound) to 5 (very sound); (4)
Readability, which assesses whether the explana-
tion follows proper grammar and structure and is
easy to follow, with a rating scale from 1 (poor) to
5 (excellent).

Each dimension is rated on a five-point Likert
scale, with higher scores indicating better qual-
ity except for misleadingness, which is inversely
scored. The prompt template is shown in Ap-
pendix B. Following L-Defense, we use gpt-3.5-
turbo-0613.
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G Full Baselines Comparsions

Due to space constraints in the main text, we defer
the full comparison of baselines and time complex-
ity to this appendix.

As shown in Table 9, distill/RAG-then-SFT
paradigms (e.g., FACTLLAMA and L-DEFENSE)
incur the highest time cost, because they require
collecting multiple pieces of evidence per claim
from closed-source models or search APIs, fol-
lowed by task-specific fine-tuning. For m claims
and n associated evidence items, both scale as
O(mn), with L-DEFENSE further introducing ad-
versarial explanations during distillation. Multi-
agent approaches such as RAV remove training
overhead but introduce substantial inference-time
cost: each claim involves Z agents, (Z − 1) inter-
actions, and Z inference steps, resulting in O(mZ)
complexity. RAG-based methods such as HISS
decompose each claim into n sub-claims and it-
eratively perform retrieval, requiring repeated in-
teractions with external APIs and yielding O(mn)
complexity.

In contrast, REFLEX eliminates reliance on
closed-source APIs, external evidence, and multi-
agent systems (C = 0, O = 0, Z = 0). Although it
requires training and vector extraction, once the op-
timal vectors are obtained they can be transferred
to other models with only a constant number of
inference steps per claim, resulting in linear time
complexity O(m).

We also include DeReC (Qazi et al., 2025),
a recent fact-checking method. It is a retrieval-
augmented fact verification framework that
combines dense embedding-based evidence re-
trieval with FAISS-based similarity search and
a DeBERTa-v3 classifier for veracity prediction.
However, despite its efficiency and strong perfor-
mance among claim-verification systems, it still
underperforms REFLEX in Macro-F1. Following
Wang et al. (2024), and due to budget limitations,
we exclude one additional model that also leverages
external evidence (Zeng and Gao, 2024).

H Explanation Length

As Table 10 shows, on RAW-FC, our outputs are
shorter than those of L-Defense. On LIAR-RAW,
they are shorter than all baselines, including the
oracle, demonstrating that our paradigm produces
concise and accurate explanations. Table 15 further
shows that EGS clearly reduces noisy patterns in
model outputs across backbones and datasets.

I Human Evaluation Details

All annotators were undergraduate students at a uni-
versity where English is the official language. For
the baseline experiments, we conducted pointwise
evaluation of explanations on each dimension, fol-
lowing Wang et al. (2024). Ten undergraduate an-
notators rated 30 randomly sampled test instances
from RAW-FC using a 5-point Likert scale. Model
identities were anonymized, and average scores
were used as the final metric. Table 13 shows that
all four dimensions have correlation coefficients
above 0.70 (0.95, 0.73, 0.85, 0.81), supporting the
use of LLM-as-a-Judge (Gu et al., 2025). Our S-
EGS model outperforms the baselines on all four
dimensions.

For inter-annotator agreement, because these are
pointwise evaluations, we also computed Cron-
bach’s α. The overall average α is 0.7896, which
is acceptable by conventional standards.

For the ablation studies, we conducted pairwise
evaluation focused on misleadingness, our main
target dimension. Three undergraduate annotators
rated each test sample from RAW-FC, LIAR-RAW,
and AVeriTeC. Each annotator compared the expla-
nations produced by two models and determined
which one was more misleading. Model names
remained anonymous, and the order of the two
model outputs was randomly swapped. For inter-
annotator agreement, we computed Fleiss’ Kappa.
The overall average Kappa is 0.6963, indicating
substantial agreement.

Notably, the case studies in Appendix T summa-
rize common misinformation patterns and present
annotator-verified examples. In these case studies,
we additionally use ChatGPT-generated explana-
tions for double validation.

J Label Distribution

As shown in Table 12, the two backbone models ex-
hibit severe recency bias on LIAR-RAW, although
this issue can be mitigated by prior methods (Lu
et al., 2022; Min et al., 2022; Liu et al., 2022a;
Zhang et al., 2022; Nguyen and Wong, 2023).

K Full Statistics on Backbone Ablations

Formally, we define the hallucination rate (HR)
and inference success rate (ISR) as:

HR =
#error after SFT
#correct on BASE

, (1)
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Paradigm Method No ED? No AD? Models Macro-F C O I TC

DI - ✓ ✓ LLaMA-2-7B-chat 36.77 m 0 m O(m)

DI+Retrieval DeReC × ✓ nomic-embed-text-v1.5
+ DeBERTa-v3-large 64.61 0 1 1 O(l +

logn)
APIC - ✓ × ChatGPT 44.43 m 0 m O(m)

- × × ChatGPT 39.31 m 0 m O(m)

RAG HiSS ✓ × ChatGPT 53.90 m× n 2×m×n m× n O(mn)
FactLLaMA × × LLaMA-2-7B 55.65 m× n 0 m O(mn)

MAS RAV × × LLaMA-3.1-70B-chat
×3

59.19 m× z (z −
1)×m

m× z O(mZ)

DTSFT L-Defense × ✓ RoBERTa-large
+ LLaMA-2-7B-chat 60.12 m×n×2 0 m× 2 O(mn)

L-Defense × × RoBERTa-large
+ ChatGPT 61.20 m×n×2 0 m× 2 O(mn)

SFT FactLLaMA × ✓ LLaMA-2-7B 53.76 m 0 m O(m)

Ours REFLEX ✓ ✓ LLaMA-2-7B 64.99 0 0 m× 2 or
m†

O(m)

Table 9: Full comparison of baselines in terms of paradigm, dependency, models involved, computational cost, and
performance on RAW-FC. DI denotes Direct Inference. API denotes API Calls. MAS denotes Multi-Agent Systems.
DTSFT denotes Distill-Then-SFT. ED denotes Evidence Dependency. AD denotes API Dependency. TC denotes
Time Complexity. C: number of external API calls; I: number of inference steps; O: interaction overhead; m:
number of claims; n: number of evidence items or sub-claims; Z: number of agents. †REFLEX requires a one-time
post-training stage to extract transferable vectors. No retraining is needed when transferring to other models, so we
also report the optimal time cost.

Figure 7: The redundancy noise pattern in LLaMA2 on RAW-FC, layer 10 with IV, multiplier 1.5. Red tokens
denote alignment with optimal vector direction; blue denotes opposite.

ISR =
#correct after SFT
#error on BASE

. (2)

We compute HR and ISR across models and
datasets. The full statistics, including self-refined
sample sizes, are shown in Table 14.

L Bootstrap Resampling Results on
RAW-FC

As shown in Table 16, we find that: (1) the boot-
strap Macro-F1 mean closely matches the origi-
nal Macro-F1 scores across all settings; (2) perfor-
mance gains remain consistent under resampling;
(3) the 95% confidence intervals are stable. To-
gether, these results indicate that our findings are
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Table 10: Explanation lengths for our method and the
baselines.

Method RAW-FC LIAR-RAW

Oracle 201.68 220.75
ChatGPTw/evi 144.32 139.15
ChatGPTw/o evi 128.71 150.97
L-DefenseChatGPT 266.61 225.52
L-DefenseLLaMA2 305.50 175.38

Ours
S-EGSLLaMA2 264.64 76.50
w/o EGS 787.55 118.06

Table 11: Hyperparameter settings for different models.

Dataset #train x→y max-len grad_acc epochs
qwen / llama

RAW-FC 1,612
c→v 512 1 1 / 2

c;evi→v 1,024 1 2 / 2
c→v;exp 4,096 1 2 / 2

AVeriteC 2,873
c;evi→v 512 4 2 / 2

c;evi→v;exp 512 4 2 / 2

LIAR-RAW 6,168
c→v 256 8 1 / 2

c;evi→v 512 8 1 / 2
c→v;exp 1,024 8 2 / 2

Table 12: Label distribution and few-shot ordering on
LIAR-RAW. H denotes half-true, F false, and T true.

Model variant order k-shot split h/f/t

LLaMA-2 cross fth 3
test 842/8/5
train 6112/37/19

Qwen-3 self fththf 6
test 189/521/145
train 1223/3844/1101

Table 13: Automatic and human evaluation of explana-
tion quality. We report the best REFLEX variant on
LLaMA-2.

ChatGPT Human
M↓ I S R M↓ I S R

Oracle 1.53 4.50 4.77 4.77 1.47 3.61 3.89 3.86
ChatGPTc,v 2.07 4.43 4.67 4.73 2.22 3.22 3.38 3.57
ChatGPTc 2.33 4.17 4.43 4.63 2.68 2.68 2.84 3.27
L-DefenseLLaMA2 1.87 4.50 4.67 4.67 2.12 3.48 3.37 3.49
L-DefenseChatGPT 1.77 4.40 4.60 4.53 1.97 3.68 3.52 3.56

Ours
S-EGSLLaMA2 1.65 4.79 4.86 4.88 1.75 3.76 3.92 3.96
w/o EGS 1.89 4.76 4.78 4.50 2.35 3.48 3.36 2.62

statistically stable.

M Full Cross-Model Transfer Results

The full cross-model transfer results are shown in
Table 17. Here, ∆ denotes the difference relative
to the corresponding SFT model.

N Full Direction Simialarity of Vectors

The full direction similarity, without averaging
across datasets, is shown in Figure 8.

O Optimal Hyperparameters Results

The full optimal hyperparameters, including lay-
ers and multipliers across baseline and ablation
settings, are shown in Tables 18 and 19. Because
horizontal steering is not specific to REFLEX, we
do not report its direction.

As shown in both tables, most KV multipliers
are negative, while most IV multipliers are positive,
indicating KV suppression and IV amplification,
respectively. For the bolded cases, the majority of
the corresponding probabilities are negative, which
further supports KV suppression and IV amplifica-
tion. The only exceptions are the two underlined
KVs; accordingly, they yield only 0.01 and 0.19
Macro-F1-point gains.

We also observe that the optimal number of vec-
tors required for IV is larger than that required for
KV. This is because suppressing erroneous direc-
tions in KV is a necessary condition for ensuring
factual consistency between the verdict and the ex-
planation, whereas amplifying correct directions
in IV serves as a sufficient condition that directly
aligns the reasoning process in explanations with
successful verdict prediction. In general, sufficient
conditions are less restrictive than necessary ones.

P Total Error Analysis

Overall, across 38 experiments (excluding
performance-adaptive transfer trials), the Macro-
F1 score drops by more than 0.01 only six times:
-0.28, -0.20, -0.03, -1.05, -1.12, and -1.17. Detailed
analyses are provided below:

(1) The decreases of -0.28 and -0.20 occur only
on LIAR-RAW. As noted in Section 4.2.1 and Ap-
pendix J (Table 12), this is due to severe recency
bias in few-shot learning. Although prior meth-
ods (Lu et al., 2022; Min et al., 2022; Liu et al.,
2022a; Zhang et al., 2022; Nguyen and Wong,
2023) can mitigate this bias, we deliberately avoid
them to maintain experimental consistency.
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Table 14: Full statistics of hallucination ratio (HR), inference success rate (ISR), and data amounts across backbones
and datasets. cross denotes few-shot examples drawn from another dataset’s training set, while self denotes examples
drawn from the model’s own validation set.

Backbone Dataset x->y
Statistics

#HC↓ #ISC↑ HR↓ ISR↑

LLaMA-2

RAW-FC
c->v 88 231 0.1236 0.2567
c->v; expself 113 585 0.1768 0.6012
c->v; expcross 105 517 0.1502 0.5663

LIAR-RAW
c->v 1,427 2,437 0.6731 0.6020
c->v; expself 895 2,207 0.3809 0.5781
c->v; expcross 1,304 3,600 0.9546 0.7497

AVeriTeC c; evi ->v; expself 98 1,746 0.1033 0.9423

Qwen-3

RAW-FC
c->v 374 553 0.5351 0.6057
c->v; expself 161 502 0.2268 0.5565
c->v; expcross 156 482 0.2152 0.5434

LIAR-RAW
c->v 903 1,893 0.3671 0.5105
c->v; expself 680 1,473 0.2388 0.4435
c->v; expcross 681 1,514 0.2426 0.4505

AVeriTeC c; evi ->v; expself 35 721 0.0174 0.9092

Table 15: The explanation length for ablation studies before and after S-EGS for improved variants. V denotes
vertical steering, and H denotes horizontal steeering.

Backbone Pair RAW-FC LIAR-RAW AVeriTeC

LLaMA-2-7b

Baseline 787.55 118.06 23.72
Dual w/exp – cross 278.42↓ – –
Dual w/exp – self 286.63↓ 67.29↓ 23.16↓
Single w/exp – V 274.69↓ 76.82↓ 23.38↓
Single w/exp – H 264.64↓ 76.50↓ –

Qwen-3-7b

Baseline 997.04 290.03 24.37
Dual w/exp – cross 306.78↓ 84.88↓ –
Dual w/exp – self 293.92↓ – 24.41↑
Single w/exp – V 310.00↓ 83.85↓ 24.23↓
Single w/exp – H – 83.98↓ 22.89↓
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Backbone Stage x → y Macro-F1 ∆Gain Bootstrap FS Mean Bootstrap ∆Gain 95% CI Width/2

LLaMA-2

BASE

c → v 35.61 — 35.46 — ±5.31
c; evi → v 27.08 — 28.08 — ±6.79
c → v; expcross 34.41 — 34.16 — ±6.42
c → v; expself 31.68 — 31.54 — ±5.14

SFT
c → v 26.44 -9.17 26.31 -9.15 ±5.73
c; evi → v 44.85 17.77 45.01 16.93 ±6.75
c → v; exp 60.59 26.18 60.42 26.26 ±6.62

S-EGS
c → v 31.47 5.03 31.25 4.94 ±6.82
c → v; expcross 64.99 4.40 64.84 4.42 ±6.57
c → v; expself 61.81 1.22 61.64 1.22 ±6.60

Qwen-3

BASE

c → v 46.54 — 46.36 — ±7.03
c; evi → v 46.23 — 46.00 — ±7.09
c → v; expcross 46.66 — 46.53 — ±6.87
c → v; expself 48.86 — 48.72 — ±6.95

SFT
c → v 41.67 -4.87 41.46 -4.90 ±6.74
c; evi → v 63.17 16.94 62.99 16.99 ±6.56
c → v; exp 58.35 9.49 58.19 9.47 ±6.85

S-EGS
c → v 41.69 0.02 41.52 0.06 ±6.81
c → v; expcross 59.39 1.04 59.23 1.04 ±6.80
c → v; expself 58.86 0.51 58.70 0.51 ±6.80

Table 16: Bootstrap resampling results for the first ablation study on RAW-FC.

(2) For the larger decreases (-1.05 to -1.17):
beyond the explanation in Section 4.2.1, the
AVeriTeC dataset decomposes reasoning into a
dialogue format that closely matches our Stage-
1 training pipeline. This effectively represents an
upper bound of our optimization setting. In addi-
tion, the decoupled AVeriTeC test set is inherently
simpler than the other datasets; even SFT outper-
forms the others by roughly 20–40% according to
Table 3. Strictly speaking, horizontal steering vec-
tors are extracted only from SFT models and are
not specific to REFLEX. Consequently, horizontal
steering fails twice on AVeriTeC, whereas vertical
steering fails only once, which further illustrates
the robustness of REFLEX.

(3) Smaller gains on Qwen-3 can be explained
as follows. First, as discussed in Section 5.2, we
observe a divergence amplification effect. Except
for the Dual w/o exp setting, which contains lim-
ited information and therefore shows only minor
backbone differences, Qwen-3 exhibits smaller di-
vergences than LLaMA-2 in Dual w/exp and Sin-
gle w/exp settings, which may explain its reduced
gains and weaker transferability. Second, as noted
in Appendix C, Qwen-3 shows severe overfitting,
with training Macro-F1 exceeding test performance
by 20–40%. Although we selected checkpoints to
reduce overfitting, a gap of roughly 10% remains.
Overfitting in the Qwen-3 series is also commonly
reported on reasoning tasks.

To further demonstrate generalizability, inspired
by one reviewer’s observation on vertical and hori-
zontal steering, we also ran experiments on Mistral-
v0.1 under the w/exp setting on RAW-FC. As
shown in Table 20, REFLEX still achieves an 8.88-
point gain under vertical steering.

Q More Analysis of Disentanglement
Effectiveness

To further support disentanglement beyond the
main results on empirical validation and representa-
tion structure, we provide additional analyses from
complementary perspectives, including model di-
rections, optimal layers, and case studies.

For model directions, we take REFLEX after
S-EGS as the baseline (denoted as style|fact), and
test three additional settings on Dual w/exp vari-
ants: anchoring (1) fully on fact (positives: cor-
rect verdicts, negatives: incorrect ones), (2) on the
base model (positives: backbone outputs, nega-
tives: SFT outputs), and (3) on the SFT model (the
reverse of (2)). As shown in Table 21, the blue
regions are dominated by red ones, further motivat-
ing our disentanglement design. Most blue regions
appear on LIAR-RAW, likely due to the recency
bias discussed in Section 4.2.1.

For optimal layers, we present the distribution
of disentangled vectors across the two backbone
models. Figure 9 shows that, for Dual w/o exp
pairs, the largest divergences emerge in early lay-

4424



Table 17: Full cross-model transfer results in Macro-F1. Corr∆=0.78 and Corr(Source Macro-F, Target ∆)=0.88.
Corr. denotes the Pearson correlation coefficient. V denotes vertical steering, and H denotes horizontal steering.

Model Source Variant Macro-F ∆ Target Macro-F ∆

LLaMA-2

RAW-FC
Dual w/ exp. 64.99 +4.40

Liar-RAW
50.59 +7.54

Single w/ exp. - V 62.17 +1.58 49.81 +6.76
Single w/ exp. - H 62.64 +2.05 50.11 +7.06

Liar-RAW
Dual w/ exp. 43.06 +0.01

RAW-FC
47.20 -13.39

Single w/ exp. - V 43.61 +0.56 51.77 -8.82
Single w/ exp. - H 43.73 +0.68 52.72 -7.87

Qwen-3

RAW-FC
Dual w/ exp. 59.39 +1.04

Liar-RAW
45.12 -1.61

Single w/ exp. - V 58.88 +0.53 45.28 -1.45

Liar-RAW
Dual w/ exp. 47.13 +0.40

RAW-FC
41.04 -17.31

Single w/ exp. - V 46.80 +0.07 40.40 -17.95
Single w/ exp. - H 47.04 +0.31 40.40 -17.95

(a) LLaMA-2 (b) Qwen-3

Figure 8: Full direction similarity of KV and IV at each layer based on cosine similarity. Colors denote Dual w/o
exp, Dual w/exp, and Single w/exp. The solid line denotes LIAR-RAW, the dashed line AVeriTeC, and the dotted
line RAW-FC.

Table 18: Optimal steering hyperparameters across
datasets on LLaMA-2.

Dataset LLaMA-2

Pairs Target Vector Layer Multiplier

RAW-FC

Dual w/exp-cross w/exp IV 10 1.5

Dual w/exp-self w/exp IV 13 1.5

Single w/exp - V w/exp IV 2 1
w/o exp IV 1 1.5

Dual w/o exp w/o exp IV 1 1.5

Single w/exp - H w/exp – 2 -1
w/o exp – 1 1.5

LIAR-RAW

Dual w/exp-self w/exp KV 1 1.5
w/o exp KV 1 1

Single w/exp - V w/exp IV 1 1
w/o exp IV 2 1

Single w/exp - H w/exp – 1 1
w/o exp – 2 -1

AVeriTeC Dual w/exp-self w/exp KV 11 -1.5
Single w/exp - V w/exp IV 1 1

Figure 9: Optimal layers for improving different pair
constructions across transformer layers. Square brackets
denote optional components.
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Table 19: Optimal steering hyperparameters across
datasets on Qwen-3.

Dataset Qwen3

Pairs Target Vector Layer Multiplier

RAW-FC

Dual w/exp-cross w/exp IV 10 1.5

Dual w/exp-self w/exp IV 10 1.5

Single w/exp - V w/exp IV 16 1.5
w/o exp KV 13 -1.5

Dual w/o exp w/o exp IV 17 -1.5

Single w/exp - H w/o exp – 13 -1.5

LIAR-RAW

Dual w/exp-cross w/exp KV 15 -1.5

Dual w/o exp w/o exp KV 2 -1

Single w/exp - V w/exp IV 4 1.5
w/o exp IV 6 1.5

Single w/exp - H w/exp – 1 1.5
w/o exp – 6 1.5

AVeriTeC

Dual w/exp-self w/exp KV 10 1.5

Single w/exp - V w/exp IV 7 -1.5
w/o exp IV 3 -1.5

Single w/exp - H w/exp – 1 1.5
w/o exp – 3 1.5

Backbone Direction SFT S-EGS ∆Gain

Mistral-v0.1 V 42.03 50.91 8.88
H 42.03 50.36 8.33

Table 20: Macro-F1 scores under different steering di-
rections on the Mistral-v0.1 backbone. V denotes verti-
cal steering and H denotes horizontal steering.

ers (1–5), whereas for pairs with full explanations,
divergences peak in the middle layers (10–20).
This aligns with prior findings on transformer inter-
pretability: early layers capture lexical and topical
signals, middle layers encode stylistic and syntactic
patterns, and higher layers capture more conceptual
information (Yun et al., 2021). Interestingly, this
middle-layer dominance appears across both sub-
jective styles (e.g., sycophancy and myopic reward)
and objective fact-related phenomena (e.g., factu-
ality vs. hallucination), and from common miscon-
ceptions to fine-grained fact-checking misinforma-
tion. This pattern suggests that contrastive signals
mainly capture surface-level stylistic patterns of
reasoning or knowledge representation.

For the case studies, we render cosine similari-
ties between unrefined output tokens and optimal
vectors in HTML. Red tokens denote alignment
with the optimal vector direction, while blue to-
kens denote the opposite. As shown in Figure 7,
red regions tend to capture correct verdict-related
content, whereas blue regions are dominated by
noisy or redundant syntax patterns. This further
supports that REFLEX disentangles surface-level
veracity signals from explanation style.

Table 21: Macro-F1 scores for model-direction exper-
iments. Red indicates effective settings, and blue indi-
cates ineffective settings.

Backbone Variant Direction RAW-FC LIAR-RAW AVeriTeC

LLaMA-2

self

-> style|fact 61.81 43.06 84.61
-> fact 58.06 42.91 83.35
-> base 60.67 42.70 83.35
-> sft 60.67 43.33 83.35

cross

-> style|fact 64.99 42.77 -
-> fact 61.66 43.95 -
-> base 64.47 42.93 -
-> sft 64.47 42.85 -

Qwen-3

self

-> style|fact 58.86 46.53 88.21
-> fact 58.79 46.73 88.02
-> base 58.88 46.64 88.02
-> sft 57.86 46.79 87.51

cross

-> style|fact 59.39 47.13 -
-> fact 57.85 46.86 -
-> base 58.35 46.57 -
-> sft 57.85 46.57 -

R Automatic Evaluations Results for
Ablative Studies

The automatic evaluation results for explanations
of improved variants are shown in Table 22. We
also computed the standard errors of the decreases/-
gains for each dimension—Misleadingness, Infor-
mativeness, Soundness, and Readability—which
are 0.0325, 0.0160, 0.0127, and 0.0189, respec-
tively. Since the standard error for the decrease in
Misleadingness is relatively high, and this dimen-
sion is particularly important, we further introduce
pairwise human evaluation to compensate for this
instability.

S More Analysis of Statistical
Correlations

As shown in Figure 6, three findings emerge: (1)
Performance is primarily driven by faithfulness-
related metrics: both F-score and accuracy are
strongly negatively correlated with misleadingness
(-0.85, -0.96) and strongly positively correlated
with soundness (0.91, 0.78). (2) Readability plays
a secondary but consistent role: it correlates posi-
tively with both F-score (0.67) and accuracy (0.81),
suggesting that clearer explanations tend to align
with better predictions. (3) Informativeness ex-
hibits a clear trade-off with effectiveness. It is
negatively correlated with readability (-0.35) and
accuracy (-0.04), while positively correlated with
both misleadingness (0.26) and soundness (0.57),
indicating that adding more background informa-
tion can make explanations appear more logically
grounded, but often introduces additional noise that
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Table 22: Explanation quality for all improved variants. Red background denotes improvement, while blue denotes
decline. The omitted bar indicates that Macro-F1 did not improve in Tables 3 and 5.

RAW-FC LIAR-RAW AVeriTeC
Backbone Pair

M↓ I S R M↓ I S R M↓ I S R

LLaMA-2-7b

SFT 1.90 4.78 4.82 4.55 1.90 4.48 4.60 4.65 1.21 4.61 4.89 4.86
Dual - cross 2.00 4.89 4.83 4.81 – – – – – – – –
Dual - self 1.91 4.80 4.77 4.75 1.80 4.50 4.63 4.83 1.18 4.63 4.89 4.88
Single - vertical 1.95 4.87 4.84 4.86 1.77 4.58 4.66 4.83 1.18 4.65 4.86 4.89
Single - horizontal 1.79 4.88 4.83 4.80 1.77 4.54 4.67 4.84 – – – –

Qwen-3-8b

SFT 1.89 4.74 4.80 4.32 1.99 4.43 4.55 4.22 1.10 4.67 4.89 4.89
Dual - cross 1.83 4.87 4.75 4.82 1.83 4.53 4.64 4.83 – – – –
Dual - self 1.87 4.89 4.81 4.81 – – – – 1.11 4.63 4.89 4.90
Single - vertical 1.89 4.89 4.83 4.75 1.80 4.55 4.63 4.82 1.10 4.67 4.91 4.90
Single - horizontal – – – – 1.84 4.54 4.63 4.82 1.13 4.70 4.92 4.92

reduces clarity and hurts decision quality.

T Case Studies

REFLEX not only corrects cases in which both the
explanation and the verdict are completely wrong,
as shown below, but also reduces inconsistencies
with the verdict and self-contradictions within ex-
planations. These issues are often coupled, but
can also appear independently. Manual case stud-
ies further show that REFLEX reduces irrelevant
information and overconfident hallucinations in ex-
planations.

[Claim]
Canada would like to reopen the border with
the U.S.
[Evidences]
(1) When were border crossing restric-
tions between Canada and the USA first
introduced? The Prime Minister, Justin
Trudeau, announced on March 18 2020 that
Canada and the United States have agreed to
temporarily restrict all non-essential travel
across the Canada-U.S. border. The new
measures will take effect at 12:01 a.m. EDT
on Saturday, March 21, 2020, and end at
12:00 p.m. EDT on Tuesday, April 21, 2020.
At that time, Canada and the United States
will review the measures. The Prime Min-
ister, Justin Trudeau, announced on March
18 2020 that Canada and the United States
have agreed to temporarily restrict all non-
essential travel across the Canada-U.S. bor-
der. The new measures will take effect at
12:01 a.m. EDT on Saturday, March 21,

2020, and was set to end at 12:00 p.m. EDT
on Tuesday, April 21, 2020.
(2) Were Canadian/American border cross-
ings still restricted on 18/09/2020? Yes.
(3) Why were Canada/USA border restric-
tions extended on 18/09/2021? The Govern-
ment of Canada 2019s top priority remains
the health and safety of Canadians, and this
extension will continue to protect people
on both sides of the border while ensuring
the flow of essential goods and services be-
tween our two countries. In order to limit
the further spread of coronavirus. Canada’s
Health Minister Patty Hajdu mentioned in
an interview that she was ḧappyẅith the bor-
der closure because Canada already has its
ḧands fullẅith the pandemic. The Govern-
ment of Canada 2019s top priority remains
the health and safety of Canadians, so this
extension will continue to protect people on
both sides of the border.
(4) Were Canadian public happy that the
boarder was still closed? 85% of Canadi-
ans would like the borders with the U.S. to
remain closed until at least the end of 2020.
[Label]
REFUTED

[SFT]
from AVeriTeC, Qwen-3, Dual-wi/exp
[Anonymous as B in Judgement-1 and
swapped as A in Judgement-2]
Verdict: SUPPORTED. Explanation: The
assistant incorrectly labels the claim as
supported, despite the evidence showing

4427



that the border was closed and most
Canadians wanted it to stay closed. This
misrepresents the claim’s veracity.

[REFLEX] KV-layer10-multiplier1.5
[Anonymous as A in Judgement-1 and
swapped as B in Judgement-2]
Verdict: REFUTED. Explanation: The
evidence shows that the Canada-U.S. border
remained closed and that the majority
of Canadians preferred it to stay closed.
Therefore, the claim that Canada would
like to reopen the border is contradicted
and refuted.

Judgment-1: Assistant A correctly
identifies that the claim is refuted, aligning
with the true label. Assistant B incorrectly
labels it as supported, which is misleading
because it contradicts the evidence.
Therefore, Assistant B’s explanation is
more misleading.
Judgment-2: Both assistants discuss the bor-
der status and public opinion. The claim is
that Canada would like to reopen the bor-
der, which is directly contradicted by the
evidence. Assistant A correctly labels the
claim as refuted, while Assistant B incor-
rectly supports it. Assistant B’s explanation
misrepresents the evidence and is there-
fore more misleading.

T.1 Misleading Verdict Inconsistency

[Claim]
Pre-existing conditions are covered under
my (health care) plan.
[Label]
FALSE

[SFT]
from LLaMA-2, Liar-RAW, Dual wi/exp.-
self
[Anonymous as B in Judgement-1 and
swapped as A in Judegement-2]
Verdict: FALSE. Explanation: But the plan
doesn’t cover pre-existing conditions. It
only covers pre-existing conditions that
existed before the plan was purchased.

[REFLEX] KV-layer1-multiplier1.5
[Anonymous as A in Judgement-1 and
swapped as B in Judegement-2]
Verdict: FALSE. Explanation: But the
law does not require them to do so. And
the law specifically excludes coverage of
pre-existing conditions before the effective
date of the new plan.

Judgment-1: Both assistants correctly
identify the claim as FALSE, which
aligns with the true label. However,
Assistant A’s explanation clearly states
that the law does not require coverage
of pre-existing conditions and that such
conditions are specifically excluded before
the effective date of the new plan. This is a
straightforward and accurate explanation
supporting the false verdict. Assistant B’s
explanation is confusing and somewhat
contradictory. It says the plan d̈oesn’t cover
pre-existing conditions,ẅhich is correct,
but then adds Ït only covers pre-existing
conditions that existed before the plan
was purchased,ẅhich contradicts the first
part and is misleading because it implies
some coverage of pre-existing conditions,
which is not true. Therefore, Assistant B’s
explanation is more misleading due to the
contradictory and unclear statement about
coverage.
Judgment-2: Both assistants correctly iden-
tify the claim as FALSE, which aligns with
the true label. However, Assistant A’s ex-
planation is somewhat confusing and con-
tradictory: it states the plan d̈oesn’t cover
pre-existing conditions,b̈ut then says Ït only
covers pre-existing conditions that existed
before the plan was purchased,ẅhich is logi-
cally inconsistent and misleading. Assistant
B’s explanation is clearer and more accurate,
noting that the law does not require cover-
age of pre-existing conditions and that such
conditions are excluded before the plan’s
effective date, which aligns with typical
health insurance policies. Therefore, As-
sistant A’s explanation is more misleading
due to its contradictory phrasing.
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T.2 Intra-Explanation Self-Contradictions

[Claim]
Health care reform ẅould bring down the
deficit by as much as $1 trillion over the
next two decades.
[Label]
HALF-TRUE

[SFT]
from Liar-Raw, Qwen-3, Dual-wi/exp
[Anonymous as B in Judgement-1 and
swapped as A in Judegement-2]
Verdict: HALF-TRUE. Explanation:
Obama said health care reform "would
bring down the deficit by as much as $1
trillion over the next two decades." The
CBO has estimated that the health care bill
would reduce the deficit by $1 trillion over
10 years. But the CBO has also said that
the bill would increase the deficit by $100
billion over the next 10 years. Obama’s
statement is partially accurate but leaves
out important details.

[REFLEX] KV-layer15-multiplier-1.5
[Anonymous as A in Judgement-1 and
swapped as B in Judegement-2]
Verdict: HALF-TRUE. Explanation:
Obama said health care reform "would
bring down the deficit by as much as $1
trillion over the next two decades." The
CBO has said that the health care bill
would reduce the deficit by $143 billion
over 10 years. The CBO has also said that
the health care bill would reduce the deficit
by $1.7 trillion over 20 years. Obama’s
statement is partially accurate but leaves
out important details.

Judgment-1: Assistant A provides
CBO estimates ($143 billion over 10 years,
$1.7 trillion over 20 years) that support the
claim being HALF-TRUE, noting omitted
details. Assistant B presents contradictory
information ($1 trillion reduction over 10
years and a $100 billion increase over 10
years), which is confusing and misleading.
Therefore, Assistant B’s explanation is
more misleading.

Judgment-2: Both assistants label the claim
as HALF-TRUE. However, Assistant A con-
tains a contradictory statement about CBO
estimates (both $1 trillion reduction and
$100 billion increase over 10 years), which
could mislead the reader. Assistant B pro-
vides consistent figures ($143 billion over
10 years, $1.7 trillion over 20 years) that
align better with the claim. Therefore, As-
sistant A’s explanation is more misleading.

T.3 Intra-Explanation Irrelevant Information

[Claim]
U.S. actor Tom Hanks is related to "Mister
Rogers’ Neighborhood" host Fred Rogers.
[Label]
TRUE

[SFT]
from Qwen-3, RAW-FC, Dual-wi/exp-self
[Anonymous as B in Judgement-1 and
swapped as A in Judegement-2]
Verdict: TRUE. Explanation: In June
2020, as the world mourned the death
of Fred Rogers, host of the long-running
children’s television show "Mister Rogers’
Neighborhood," a rumor started to circulate
on social media that the late entertainer was
related to actor Tom Hanks. The rumor
was largely spread by a Facebook user who
posted a meme containing a photograph of
Hanks and Rogers along with the caption:
“Did you know that Tom Hanks is related to
Fred Rogers?” The claim that Hanks and
Rogers were related was also spread by
a number of other social media users, as
well as in a viral tweet by the comedian
Patton Oswalt. The claim that Hanks and
Rogers were related is true. Hanks’ paternal
grandmother, Lucille, was the sister of
Rogers’ paternal grandmother, Marion..
Hanks confirmed the familial connection
in a 2018 interview with the "Today" show.
Hanks said that he first learned about the
connection when he was a child. He also
said that he was a big fan of Rogers’ show
and that he would watch it with his sister.
“I was a big fan of Mr. Rogers,” Hanks
said. “I loved that show. I would watch
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it with my sister. I knew that we were
related. I knew that we were related. I knew
that we were related.” Hanks’ paternal
grandmother, Lucille, was the sister of
Marion, the mother of Fred Rogers. Hanks’
great-great-grandmother, Mary, was the
sister of Rogers’ great-great-grandmother,
Ann. The two men were related by
blood, but they were also connected by
their careers. Hanks played the role of
“Mr. Hand” in the 2003 film “A Walk to
Remember.” In the movie, “Mr. Hand” is
a children’s television host who bears a
passing resemblance to Rogers. Hanks also
lent his voice to the character of “Mr. Hand”
in the 2015 animated film “The SpongeBob
Movie: Sponge Out of Water.” Here’s a
clip from “A Walk to Remember” featuring
Hanks as “Mr. Hand”: Fred Rogers passed
away on Feb. 27, 2003. Tom Hanks is still
alive and well.

[REFLEX] IV-layer10-multiplier1.5
[Anonymous as A in Judgement-1 and
swapped as B in Judegement-2]
Verdict: TRUE. Explanation: In June
2020, as the world mourned the death
of Fred Rogers, host of the long-running
children’s television show "Mister Rogers’
Neighborhood," a rumor started to circulate
on social media that the late entertainer
was related to actor Tom Hanks. The
claim was made in a tweet posted by the
"Mister Rogers’ Neighborhood" Facebook
page, which stated that Rogers was Hanks’
“great-great-great uncle.” The claim was
also shared in a meme posted to the "Mister
Rogers’ Neighborhood" Instagram page.
The claim that Hanks and Rogers were
related was true. Hanks’ mother, Nancy,
was Rogers’ first cousin, once removed.
Hanks confirmed the familial connection in
a 2018 interview with the "Mister Rogers’
Neighborhood" Facebook page. Hanks said
that he first learned about the connection
when he was 10 years old. “I was 10 years
old and I was watching ‘Mister Rogers’
Neighborhood,’” Hanks said. “And I was
like, ‘Who is this guy?’ And then my mom
said, ‘That’s your great-great-uncle.’ And I

was like, ‘What?’ And then she said, ‘Yeah,
he’s your great-great-uncle.’ And I was
like, ‘Wow.’” Hanks’ mother, Nancy, was
the daughter of Rogers’ first cousin, Mary,
and Rogers’ uncle, James. Hanks’ mother
passed away in 2010. In a 2018 interview
with the "Mister Rogers’ Neighborhood"
Facebook page, Hanks said that he and
Rogers never met, but that he always felt a
connection to the entertainer. “I always felt
like I knew him,” Hanks said. “I always felt
like I knew him. And I think that’s because
I knew my mom. And I knew my mom
loved him. And I knew my mom loved
what he stood for. And I knew my mom
loved what he did. And I knew my mom
loved the way he made people feel.”

Judgment-1: Both assistants correctly
identify the claim as TRUE, which aligns
with the true label. However, Assistant A
provides a clear and accurate explanation
of the familial relationship, stating that
Tom Hanks’ mother was Fred Rogers’
first cousin once removed, and includes a
direct quote from Hanks confirming the
connection. This explanation is consistent
with known facts and does not introduce un-
related or incorrect information. Assistant
B, while also concluding the claim is true,
presents a confusing and inaccurate family
relationship, stating that Hanks’ paternal
grandmother was the sister of Rogers’ pa-
ternal grandmother, and further complicates
the genealogy with additional, unsupported
claims. Moreover, Assistant B introduces
irrelevant information about Hanks playing
a character named "Mr. Hand" in unrelated
films, which is misleading and unrelated to
the claim about their familial connection.
This distracts from the factual basis and
could mislead the reader about the nature
of their relationship. Therefore, Assistant
B’s explanation is more misleading due
to inaccuracies in the family relationship
and the inclusion of irrelevant and incorrect
details.
Judgment-2: Both Assistant A and Assis-
tant B correctly identify the claim as TRUE,
which aligns with the true label. However,

4430



Assistant A provides a detailed but some-
what confused and inconsistent explana-
tion of the familial relationship, mention-
ing multiple relatives and roles that do not
clearly establish the connection. The ex-
planation also includes irrelevant informa-
tion about Tom Hanks’ acting roles, which
could mislead the reader about the nature of
the relationship. Assistant B, on the other
hand, offers a clearer and more straightfor-
ward explanation of the family connection,
specifying the relationship through Hanks’
mother and providing a plausible narrative
of how Hanks learned about it. Although
some details in Assistant B’s explanation
might not be fully verifiable, it stays focused
on the familial link without introducing un-
related information. Therefore, Assistant
A’s explanation is more misleading due to
its confusing and extraneous details that do
not clearly support the claim.

T.4 Intra-Explanation Overconfident
Hallucinations

[Claim]
24 of every 100 kids in US schools speak
Spanish.
[Evidences]
(1) What percentage of kids in US schools
speak Spanish? The percentage of public
school students in the United States who
were English learners was 10.4% in the fall
of 2019 and 9.2% in the fall of 2010. About
6 in 10 young Hispanics say they use Span-
ish.
[Label]
Not Enough Evidence

[SFT]
from LLaMA-2, AVeriTeC, Dual wi/exp
[Anonymous as B in Judgement-1 and
swapped as A in Judegement-2]
Verdict: Refuted. Explanation: The answer
and source show that the amount of children
that speak Spanish is less than 24 in 100 so
the claim is refuted.

[REFLEX] KV-layer11-multiplier-1.5

[Anonymous as A in Judgement-1 and
swapped as B in Judegement-2]
Verdict: The answer and source show that
the statistic is wrong so the claim is refuted.

Judgment-1: Both Assistant A and
Assistant B conclude that the claim is
refuted, stating that the evidence shows
the percentage of kids speaking Spanish
is less than 24%. However, the true label
is "Not Enough Evidence," indicating
that the provided evidence does not
sufficiently confirm or deny the claim. Both
assistants incorrectly assert a refutation,
but Assistant B’s explanation is slightly
more misleading because it confidently
quantifies the percentage as "less than 24
in 100," implying a definitive comparison
that the evidence does not fully support.
Assistant A’s explanation is more general,
simply stating the statistic is wrong without
specifying the extent. Therefore, Assistant
B’s explanation deviates more from the true
label.
Judgment-2: Both Assistant A and Assis-
tant B conclude that the claim is refuted,
which is inconsistent with the true label
"Not Enough Evidence." The evidence pro-
vided does not directly state the percentage
of all kids in US schools who speak Span-
ish; it only provides data on English learn-
ers and the proportion of young Hispanics
who use Spanish, which is insufficient to
confirm or refute the claim definitively. As-
sistant A attempts to quantify the refutation
by stating the number is less than 24 in 100,
which is an assumption not fully supported
by the evidence. Assistant B simply states
the statistic is wrong without elaboration.
Both explanations mislead by asserting a
refutation when the evidence is insufficient
to do so. However, Assistant A’s explana-
tion is more misleading because it implies a
specific numeric conclusion that is not sup-
ported, whereas Assistant B’s explanation
is more general.

4431


