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Abstract

Large language models (LLMs) possess exten-
sive world knowledge and have demonstrated
strong potential for misinformation detection.
A growing line of recent work prompts LLMs
to produce structured reasoning before issu-
ing a veracity judgment. However, we con-
tend that such structured outputs do not spon-
taneously support the veracity decision. The
emitted scores can satisfy the output schema
while contributing little to veracity discrimina-
tion. Since annotating full reasoning paths is
prohibitively costly for veracity tasks, we pro-
pose a Generation-Score Consistency frame-
work that supervises through structured dimen-
sion scores and steers the LLM toward func-
tional reasoning. Specifically, we train a com-
pact score-to-label verifier on a small set of
expert-annotated reasoning data, freeze it, and
during supervised fine-tuning use a trainable
score head to align the score-token hidden
states of the LLM with the human-calibrated
mapping. Introducing structured reasoning on
its own costs accuracy relative to label-only
supervision, while the consistency term recov-
ers that cost and keeps the emitted scores cou-
pled to the veracity decision. Controlled exper-
iments on multimodal misinformation bench-
marks show that the consistency term strength-
ens both veracity prediction and the discrim-
inability of the emitted scores. Code and data
are available at https://github.com/yun-n
lp/Reasoning-Scores-for-Misinformat
ion-Detection-EMNLP2026.

1 Introduction

Misinformation spreads rapidly across social me-
dia and affects high-stakes domains such as health-
care, politics, and crisis response, making scalable

* Corresponding author.

veracity detection an important task for modern
information systems (Lewandowsky et al., 2012;
Osmundsen et al., 2021; Nielsen and McConville,
2022; Yousuf, 2025; Lao et al., 2024).

With the rapid progress of large language mod-
els (LLMs), a common practice is to prompt LLMs
to produce structured analyses of multiple aspects,
dimension scores, and stepwise rationales along-
side a final veracity judgment (Wu et al., 2024;
Wan et al., 2024; Hu et al., 2024; Park et al., 2025).
However, outputs that follow the required format
do not establish that these intermediate judgments
support the decision. When the gold label is in-
cluded in the supervision sequence, an LLM can
satisfy the output schema while leaving its scores
semantically inert. We refer to this gap as the differ-
ence between structured and functional reasoning,
whether the emitted scores actually contribute to
the veracity decision or merely accompany it. At
the same time, directly annotating reasoning paths
at scale is prohibitively costly, since veracity as-
sessment is a holistic judgment that experts cannot
easily decompose into stepwise chains.

To address the challenges outlined above, we
propose Generation-Score Consistency (GSC), a
lightweight mechanism that uses structured dimen-
sion scores as a compact form of expert supervision
and binds scores generated by the LLM to the ve-
racity decision through a frozen verifier calibrated
using human annotations. We train a compact veri-
fier gϕ to map score vectors to veracity labels using
600 posts rated by experts along six information
quality dimensions, then freeze it as a prior on
which score patterns indicate real or fake content.
During supervised fine tuning, a trainable score
head fψ projects the hidden states at the positions
of the six score tokens into a score vector for this
verifier. A consistency loss requires the prediction
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of the verifier to agree with the gold veracity label.
Unlike methods that use verifiers to assess reason-
ing chains expressed in free text (Lightman et al.,
2024), GSC operates over a compact score space in-
terpretable by humans, limiting human supervision
to a small calibration set.

Does the gain of structured-reasoning SFT come
from the semantics of the emitted scores, or are the
structured outputs merely superficial? We therefore
evaluate GSC with a family of variants that hold
the gold label and output schema fixed, and perturb
only the score signal, the verifier, or the readout
path; on top of this, we conduct hidden-state inter-
ventions at the score-token positions to test whether
those representations are behaviorally active during
generation. Our contributions are summarized as
follows:

• We identify and formalize the gap between
structured and functional reasoning in LLM-
based misinformation detection, and argue
that current evaluation protocols overlook it.

• We propose GSC, a low-supervision consis-
tency mechanism that uses a frozen, human-
calibrated verifier to bind LLM-generated rea-
soning scores to veracity, as an early attempt
at verifier-consistent reasoning scores for fake
news detection without dense annotation.

• Through label- and format-matched controls,
score-token positional probes, and hidden-
state interventions, we attribute the gain
specifically to score semantics and to behav-
iorally active score-token representations.

2 Related Work

2.1 LLM-based Misinformation Detection

Multimodal misinformation detection has pro-
gressed from text-only classifiers to systems
that fuse textual, visual, and social-context sig-
nals (Nielsen and McConville, 2022; Hu et al.,
2025), and increasingly uses LLMs as reasoning
or augmentation modules through dimension-style
critiques (Wan et al., 2024), rationale-augmented
classifiers (Hu et al., 2024), in-context demon-
strations (Xu et al., 2024), and generated com-
ments, rewrites, or agent reactions (Nan et al.,
2024; Park et al., 2025; Wu et al., 2024; Che-
ung and Lam, 2023); a parallel line uses LLMs
to summarize retrieved evidence for human fact-
checkers (Roitero et al., 2025). These methods

place LLM-produced signals beside the final label
without binding them to the LLM’s own decision,
so structured rationales or scores can stay deco-
rative while the decision forms elsewhere, echo-
ing broader concerns that chains of thought can
diverge from the computation behind a model’s de-
cision (Turpin et al., 2023). GSC targets this gap
by checking the LLM’s generated reasoning scores
against a frozen, human-calibrated verifier that the
model cannot retune during SFT.

2.2 Verifier-based Reasoning and Information
Quality

Verifier-based reasoning trains auxiliary models to
score generated solutions for reranking or supervi-
sion (Lightman et al., 2024; Yu et al., 2024; Hos-
seini et al., 2024), and self-consistency further sug-
gests that agreement between intermediate reason-
ing and the final answer is itself informative (Wang
et al., 2023). We adapt this idea to misinforma-
tion detection by verifying a compact score vector,
which keeps the check interpretable and bounds
human supervision to a small calibration set. This
score vector is grounded in information-quality re-
search that decomposes fitness-for-use into dimen-
sions (Stvilia et al., 2007; Wand and Wang, 1996;
Juran, 1992; International Organization for Stan-
dardization, 2008), validated for credibility judg-
ments by experts and crowd workers (Soprano et al.,
2021; Maddalena et al., 2018; Barbera et al., 2024;
Ceolin et al., 2023; Visser et al., 2020), where as-
sessor background and bias are known to affect the
resulting scores (Draws et al., 2022) and motivate
our use of domain experts for the calibration set.
We use these six dimensions as a structural carrier
for LLM reasoning, and leave the mapping from
scores to veracity to the frozen verifier (§3).

3 Information Quality Dimensions and
Human Annotation

GSC needs a compact space in which an LLM
can state intermediate judgments and an external
verifier can check whether those judgments sup-
port the final label. We instantiate this space with
six information-quality dimensions grounded in
prior multidimensional assessment work (Soprano
et al., 2021; International Organization for Stan-
dardization, 2008), namely Neutrality, Correct-
ness, Completeness, Precision, Comprehensibil-
ity, and Informativeness. These dimensions pro-
vide a human-interpretable carrier for structured
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Figure 1: Human score distributions across the six
information-quality dimensions. Each dimension car-
ries label-related structure that the verifier combines
into a veracity judgment.

reasoning scores that can be supervised and veri-
fied, while the verifier decides how they combine
into a veracity judgment.

We collect a small calibration set Dhuman of 600
posts, balanced across Weibo-21 (Nan et al., 2021)
and Twitter (Boididou et al., 2018), and ask five
expert annotators to rate each post on the six di-
mensions using a 1-to-9 scale. These annotations
are used only to calibrate the preference-aligned
generator and the frozen score-to-label verifier gϕ;
no human scores are collected for the full training
corpus. Figure 1 shows that several dimensions
separate real and fake posts with partial overlap,
which motivates using them as a verifier-consistent
reasoning structure that feeds the label decision.
Full definitions, annotation protocol, agreement,
and distributional evidence are provided in Ap-
pendix B.1–B.2.

4 Generation-Score Consistency

Our goal is to make an LLM learn a structured,
human-readable reasoning path that produces the
final veracity label for fake-news detection. The
six information-quality scores provide this interme-
diate structure, but human-scoring the full corpus
is costly, and naive SFT on generated score-and-
label outputs can still let the model learn the label
and format while treating scores as decorative text.
GSC handles these obstacles in sequence, as sum-
marised in Figure 2. First, a small human-scored
set aligns a generator with the scoring rubric, so
the model learns both the output schema and the
human preference over score profiles. The aligned
generator then scales this supervision to the train-
ing corpus under hidden-label sampling. However,
generated structured targets still contain the gold

veracity label during SFT, so the final model may
satisfy the sequence loss by learning the label token
while leaving the scores weakly used. We therefore
add a frozen verifier gϕ, which encodes the human-
calibrated score-label relation, and a trainable score
head fψ, which connects LLM score-token repre-
sentations to that verifier. The resulting objective
requires the generated score profile to agree with
the gold veracity label under a verifier the LLM
cannot retune.

4.1 Human Alignment and Large-Scale Score
Annotation

The six dimensions introduced in Section 3 define
the score space that the model must learn to use.
Let Dhuman denote the 600 expert-annotated posts,
each paired with a six-dimensional score vector
and a binary veracity label. We first align the back-
bone LLM to this rubric with Group Relative Policy
Optimization (GRPO), because the generator used
for later annotation must produce score profiles
that follow human scoring preferences on top of
a valid output schema. The GRPO reward com-
bines format validity, veracity correctness, and a
group-relative preference that ranks the sampled
completions by how close their scores are to the
expert scores, yielding a generator Mgrpo whose
score profiles follow expert scoring preferences;
reward details and hyperparameters are deferred
to Appendix C.1 and Table 10. Because scoring
the full training corpus by hand would defeat the
low-supervision goal, we use Mgrpo to annotate the
rest of the data.

Concretely, Mgrpo builds the structured super-
vision corpus DLLM under hidden-label sampling,
where the prompt hides the gold label and the gen-
erator must infer a reasoning trace, six scores, and
a veracity prediction from the post. This prevents
the annotation model from directly copying the
label into its reasoning trajectory. A sampled can-
didate is accepted as a strict success only when its
predicted label matches the gold label and all struc-
tured score and reason fields parse cleanly. The
first strict-success candidate becomes the SFT tar-
get õ(x); if no candidate succeeds, the instance
falls back to a label-only target. The binary mask
mx records this distinction, with mx = 1 for strict-
success instances that carry scores and mx = 0 for
fallback instances whose consistency loss must be
disabled.
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Figure 2: Three-stage pipeline of GSC. Stage 1, Human Preference Alignment, aligns the backbone with the human
scoring rubric using GRPO and uses the aligned generator to annotate the training set under hidden-label sampling.
Stage 2, Verifier Pre-training, trains a compact score-to-label verifier gϕ on expert scores and freezes it as the
human-calibrated reference. Stage 3, SFT with Consistency Learning, trains the final LLM with language modeling
plus a gated consistency loss, where score-token hidden states are projected by fψ and checked by the frozen gϕ.
Blue components are trainable; the gray verifier is frozen.

4.2 Consistency Module: Frozen Verifier and
Score Head

Even with DLLM in hand, naive SFT on these
structured targets cannot ensure that the generated
scores carry veracity-relevant semantics. A model
can still copy the schema, optimize the final label
token, and leave the six scores weakly coupled to
the decision. We therefore add a consistency mod-
ule that makes the score profile itself consistent
with an expert-calibrated score-to-label relation.

To do this lightly, we encode the score-to-label
relation in a compact human-calibrated verifier
gϕ and freeze it, so the LLM cannot satisfy the
consistency objective by co-adapting the checker.
Concretely, gϕ is trained on Dhuman to map a six-
dimensional score vector to two-way veracity log-
its, then frozen for the rest of training.

Given an input x and its target output sequence
õ(x) from DLLM, the LLM is run in teacher-forcing
mode, and we locate the six score-token positions
in the structured output. Let hi ∈ Rd denote the
SFT readout hidden state at the i-th score-token
position; in the main objective this is the last-layer
hidden state, and stacking the six positions yields

hscore = [h1, . . . ,h6] ∈ R6×d. (1)

Feeding hidden states directly into gϕ poses a rep-
resentational mismatch, since gϕ is calibrated on
six numeric scores while LLM hidden states are
high-dimensional representations shaped by the
language-modeling objective. Forcing gϕ onto
this mismatched space would put the language-
modeling and verifier objectives in direct compe-
tition for the same parameters, making the auxil-
iary objective brittle and expensive to train. We
therefore introduce a trainable score head fψ as
an adaptor, which reads exactly the score-token
positions and projects them into a continuous six-
dimensional score estimate,

ŝ = fψ(hscore) ∈ R6. (2)

Architectural details are in Appendix A.1. The
resulting estimate is checked by the frozen verifier,

ẑ = gϕ(ŝ) ∈ R2, (3)

where ẑ are the verifier’s logits for the LLM-
generated score profile.

4.3 SFT Training Loss
With gϕ fixed and fψ providing a differentiable
score readout, final SFT can combine ordinary se-
quence learning with score-label consistency. The
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consistency loss requires the verifier’s verdict to
match the gold veracity y ∈ {0, 1}, where 1 de-
notes fake and 0 denotes real:

LGSC = CrossEntropy(ẑ, y). (4)

Thus LGSC penalizes score profiles that look valid
as text but do not imply the correct label under the
human-calibrated verifier.

The final training objective combines the stan-
dard language-modeling loss with the consistency
term, gated by the annotation-time mask mx:

Ltotal(x) = LLM(x) + mx β LGSC(x). (5)

Here LLM is next-token cross-entropy over the tar-
get sequence and β controls the verifier constraint.
The mask is necessary because fallback instances
have no generated score fields, so strict-success
instances train both terms while fallback instances
train only LLM. We use β = 0.7 as the main setting
on both Weibo21 and Twitter, with the full β sweep
reported in Appendix A.2. Because strict-success
targets include both generated scores and the gold
veracity token, a model could still learn the label
and format without meaningful scores; our con-
trolled variants in Section 5.3 therefore keep DLLM,
the prompt, and gold-label tokens fixed, changing
only the score signal supplied to gϕ or the dimen-
sions available to it.

5 Experiments

We organize the experiments around the mecha-
nism behind the gain. After setup and main com-
parison context, we isolate verifier-side score se-
mantics, probe the score-head readout path, in-
tervene on score-position hidden states, inspect
human-calibrated score behavior, and close with a
qualitative sanity check.

5.1 Setup

Datasets. The Weibo21 dataset (Nan et al., 2021)
contains 4,640 real and 4,488 fake news instances.
We follow the standard split of 4,176 real and
4,039 fake instances for training, and report results
on the Weibo21 test split (n=913). The Twitter
dataset (Boididou et al., 2018) consists of 5,819
real and 7,547 fake instances for training and a
Twitter test split of n=1,091.
Training Configuration. We adopt Qwen2.5-VL-
7B (Bai et al., 2025) as the backbone for all vari-
ants and use the same LoRA/SFT recipe for final

training. GRPO preference alignment uses a sep-
arate LoRA setting; full GRPO/SFT hyperparam-
eters, prompts, and module details are listed in
Appendix D and Table 10. The main consistency
weight is β=0.7 for both datasets; all positive-β
Weibo21 controls use the same value, and the full
β sweep is deferred to Appendix A.2.
Baselines. We compare GSC with multimodal
detectors and LLM-based methods listed in Ta-
ble 1; Appendix E.1 summarizes each baseline.
These baselines provide operating context, while
our main evidence comes from controlled GSC
variants that hold the backbone, label supervision,
output schema, and training recipe fixed.
Evaluation Protocol. All classification metrics are
recomputed from model outputs using 1=fake and
0=real, and Macro-F1 is the unweighted mean of
real-news F1 and fake-news F1. For paired mech-
anism comparisons, we align samples by instance
index and report aggregate metrics, paired accu-
racy gaps, 10k-bootstrap 95% confidence intervals,
two-sided McNemar tests, and error-flip counts.

5.2 Main Comparison Results
The most direct comparison in Table 1 is against
Qwen2.5-VL-7B variants under the same backbone
family. On Weibo21, GSC reaches 95.0% accu-
racy with balanced real/fake F1 near 95% (Table 1).
The comparison isolates a clear pattern. Ordinary
SFT can already exploit task labels, and adding
score consistency leaves the operating point essen-
tially unchanged while making the emitted scores
functional, without shifting performance toward
only real or fake news. On Twitter, GSC reaches
89.7% accuracy (Table 1), while specialized multi-
modal detectors remain strong. Among parsed out-
puts, GPT-5.2 tends to over-predict fake under our
zero-shot prompt, lowering real-news recall; un-
parseable outputs are treated as fake in metric com-
putation, which affects GPT-4o most strongly on
Twitter. Table 1 therefore establishes the operating
context for the controlled studies that follow. The
stronger evidence for our claim comes from paired
mechanism studies where label, schema, backbone,
and training recipe are controlled.

5.3 Ablation Study
Table 2 collects the ablation results. All controls
hold the backbone, prompt, output schema, train-
ing steps, and gold veracity label fixed, changing
only the score signal or the verifier configuration.
Reasoning-only removes the verifier constraint by

22439



Dataset Method Accuracy Real News Fake News

Precision Recall F1 Precision Recall F1

Twitter

EANN (Wang et al., 2018) 0.648 0.584 0.759 0.660 0.810 0.498 0.617
SAFE (Zhou et al., 2020) 0.762 0.695 0.811 0.748 0.831 0.724 0.774
SpotFake (Singhal et al., 2019) 0.785 0.792 0.675 0.729 0.780 0.867 0.821
CAFE (Chen et al., 2022) 0.806 0.805 0.813 0.809 0.807 0.799 0.803
BMR (Ying et al., 2023) 0.878 0.890 0.816 0.852 0.870 0.925 0.896
MCAN (Zhang et al., 2025) 0.917 0.992 0.854 0.918 0.852 0.992 0.917
BMLHF (Wu et al., 2025) 0.966 0.948 0.975 0.956 0.985 0.933 0.957

GPT-3.5-turbo 0.568 0.498 0.690 0.578 0.672 0.477 0.558
GPT-4o 0.686 0.610 0.739 0.669 0.767 0.645 0.701
GPT-5.2 0.613 0.565 0.429 0.488 0.637 0.751 0.689
SuperICL (Xu et al., 2024) 0.844 0.853 0.769 0.809 0.839 0.900 0.868
ARG (Hu et al., 2024) 0.853 0.860 0.786 0.821 0.849 0.904 0.876
Qwen2.5-VL-7B (zero-shot) 0.556 0.485 0.560 0.520 0.626 0.554 0.588
GSC (ours) 0.897 0.830 0.957 0.889 0.964 0.852 0.905

Weibo21

EANN (Wang et al., 2018) 0.870 0.841 0.912 0.875 0.902 0.825 0.862
SpotFake (Singhal et al., 2019) 0.851 0.786 0.964 0.866 0.953 0.733 0.828
CAFE (Chen et al., 2022) 0.882 0.907 0.844 0.876 0.857 0.915 0.885
BMR (Ying et al., 2023) 0.923 0.941 0.905 0.923 0.906 0.942 0.924
DAPT (Tong et al., 2025) 0.951 – – 0.950 – – 0.952

GPT-3.5-turbo 0.686 0.652 0.817 0.725 0.744 0.550 0.633
GPT-4o 0.736 0.782 0.666 0.719 0.701 0.808 0.751
GPT-5.2 0.740 0.935 0.526 0.673 0.663 0.962 0.785
SuperICL (Xu et al., 2024) 0.873 0.914 0.828 0.869 0.837 0.920 0.877
ARG (Hu et al., 2024) 0.897 0.919 0.875 0.896 0.877 0.920 0.898
Qwen2.5-VL-7B (zero-shot) 0.660 0.689 0.606 0.644 0.638 0.717 0.675
GSC (ours) 0.950 0.954 0.946 0.950 0.945 0.953 0.949

Table 1: Main comparison results on Twitter and Weibo21. Methods above the dashed line are pretrained-model
based; methods below it are large language model based.

setting β = 0. Random-G and Shuffled-G keep
the same supervised target and label but corrupt
the scores seen by the consistency path, either with
valid random score vectors or with a fixed cross-
instance permutation. Trainable-G lets gϕ co-
adapt with the LLM, and Reduced-Dim restricts
the verifier input to fixed subsets of dimensions: 4-
Dim keeps Neutrality, Correctness, Completeness,
and Precision, while 2-Dim keeps Neutrality and
Correctness. Label-only SFT is listed as a refer-
ence point; it uses a different prompt and emits no
dimension scores.

Label-only SFT reaches 95.9% accuracy on
Weibo21; introducing structured reasoning costs
13.0%, and the consistency term recovers 12.1% of
that cost, so GSC retains label-only accuracy while
making the emitted scores functional. We now ask
whether the gain is carried by the dimensional score
signal, by the gold label, or by the output format.

The Reasoning-only, Random-G and Shuffled-G
block shows that the label and format alone can-
not explain the full gain. Removing consistency
supervision causes a 12.1% drop from GSC, and
corrupting the verifier-side score signal still hurts
even though the model sees the same gold label and

Variant Acc Macro-F1 ∆ Acc 95% CI McNemar p Flips

Label-only SFT 0.9595 0.9595 −1.0% [−2.7%,+0.7%] 0.314 27/36

Reasoning-only 0.8291 0.8274 +12.1% [+10.2%,+15.4%] 2.37×10−21 141/24
Random-G 0.9157 0.9157 +3.4% [+2.1%,+6.2%] 1.11×10−4 66/28
Shuffled-G 0.9025 0.9025 +4.7% [+3.3%,+7.6%] 5.64×10−7 75/25

Trainable-G 0.8981 0.8974 +5.2% [+3.1%,+7.3%] 4.03×10−6 75/28
4-Dim 0.8686 0.8675 +8.1% [+5.7%,+10.6%] 1.33×10−10 105/31
2-Dim 0.8565 0.8562 +9.3% [+7.7%,+12.5%] 3.62×10−16 114/22

GSC (ours) 0.9496 0.9496 – – – –

Table 2: Paired mechanism analysis on Weibo21. ∆
Acc, the confidence interval, and the McNemar test
are all computed against full GSC; flips are control-
wrong/GSC-right over GSC-wrong/control-right. The
gϕ-side controls hold the backbone, prompt, output
schema, training steps, and gold veracity label fixed.
Label-only SFT uses a different prompt and emits no
dimension scores.

emits the same structured schema. This matters be-
cause Random-G and Shuffled-G do not make the
label token harder to learn; they only break the se-
mantic relation between the current instance and
the score vector checked by gϕ.

The Trainable-G and Reduced-Dim block shows
that the verifier must remain a stable human-
calibrated constraint. Jointly training gϕ reduces
accuracy by 5.2%, while restricting the verifier to
fewer score dimensions also weakens performance,
with both 2-Dim and 4-Dim trailing the full six-
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Variant Acc Macro-F1 ∆ Acc

No fψ 0.7891 0.7792 +16.1%
Random-pos 0.5703 0.5435 +37.9%
Prev-token 0.5742 0.5157 +37.5%
First-6 0.5391 0.5103 +41.1%

Table 3: fψ-side score-head probe on Weibo21, com-
pared with full GSC.

dimensional GSC model. Thus the effect depends
on score semantics that are fixed, multidimensional,
and checkable during SFT. We fix β=0.7 for the
main runs and controlled variants; the sensitivity
sweep is reported in Appendix A.2.

5.4 Score Head fψ Readout Analysis

We next probe how the readout path itself shapes
the gain, beyond what gϕ checks. After isolating
the verifier side, we ask whether any hidden repre-
sentation can serve as the input to gϕ. Table 3 keeps
the same backbone, frozen verifier, prompt tem-
plate, and β=0.7, changing only the readout path.
No fψ removes the learned adaptor and derives
scalar scores from the LM head’s score-vocabulary
probabilities, while Random-pos, Prev-token, and
First-6 keep fψ but read from positions that are not
the score tokens.

Table 3 separates two failure modes. Removing
fψ drops accuracy below Reasoning-only, showing
that score-vocabulary logits are a poor substitute
for a learnable continuous bridge. Reading from
the wrong positions is even more damaging, and
Random-pos, Prev-token, and First-6 all collapse
far below the no-consistency baseline. The one-
token-offset control is particularly diagnostic, since
the model is still near the score field while the
consistency signal fails almost as badly as random
positions. The useful training signal is therefore
carried specifically by the hidden states where the
model commits to its score tokens.

5.5 Hidden-State Score Intervention

We further test whether score-position representa-
tions are behaviorally active during generation. For
each model, we replace the six score-position hid-
den states with hidden states taken from opposite-
label samples at a fixed layer, then continue gener-
ation and measure whether the final veracity label
changes. This intervention preserves the prompt,
output schema, and decoding procedure, while per-
turbing the residual stream at the positions where
the model expresses the six scores before the final

Dataset Model Base Acc L14 Flip L20 Flip L27 Flip

Weibo21 GSC 0.9496 17.27% 6.36% 0.00%
Reasoning-only 0.8291 1.82% 0.91% 0.00%

Twitter GSC 0.8973 6.00% 4.00% 0.00%
Reasoning-only 0.6751 1.35% 0.00% 0.00%

Table 4: Hidden-state score intervention. Base Acc
is normal generation accuracy; flip rate is the fraction
of cases whose generated label changes after replacing
the six score-position hidden states with opposite-label
hidden states at the indicated layer. The Twitter run uses
the same β.

SFT readout forms its prediction.
Table 4 shows that GSC is substantially more

sensitive to score-position interventions than
Reasoning-only. At layer 14, replacing the six
score-position hidden states flips the generated la-
bel in 17.27% of GSC cases, compared with only
1.82% for Reasoning-only; the gap remains visi-
ble at layer 20 and disappears by layer 27. The
middle-layer peak indicates that GSC uses score-
position representations while integrating the struc-
tured signal; by the late layer the decision state
has largely absorbed this information, so replacing
the score positions alone no longer changes the
already-formed label.

5.6 Score Discriminability

On the Weibo21 test set we compare dimension-
wise scores across four training stages and report,
for each dimension, the gap between the real and
the fake group divided by the pooled within-group
standard deviation, that is, Cohen’s d (Figure 4, Ta-
ble 5). The consistency term raises this separation
on all six dimensions, from 1.33 to 1.73 on average.
GSC and Reasoning-only share the same backbone,
prompt, output schema, training data and gold la-
bels, and the consistency loss is the only difference
between them. The same sequence speaks to the an-
notation step that relies on Mgrpo. The GRPO align-
ment consumes 300 expert-annotated instances, a
budget far below the later SFT stage, and reaches
a separation of 0.73 on the test set; training on the
8,010 instances that it annotates raises the separa-
tion to 1.33. The machine-generated score anno-
tations therefore carry a learnable signal, and the
consistency term lifts the separation further to 1.73.
Separation summarizes the between-group relation
between scores and labels, so this section supplies
evidence complementary to the mechanism read-
ing drawn from the ablations, with per-dimension
distributions in Appendix A.3.
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Why on earth do we treat these 
goofballs as national treasures? 
During the earthquake, China’s 
‘national treasures’ showed 
remarkable agility, managing to 
save themselves in time and 
clinging tightly to the uncle’s legs.
— via CRI Online

Content

3 Neutrality: The text mainly describes a phenomenon (regarding 
pandas as “national treasures”) and includes some descriptive…

3 Correctness: The text does not provide any scientific facts to 
support its argument. It merely describes a phenomenon and …

3 Completeness: The text provides sufficient detail to describe the 
behavior of pandas, but it lacks background information, such as…

3 Precision: The text uses some vague terms, such as “goofballs” and 
“remarkable agility,” which do not have precise definitions …

3 Informativeness: The text provides some information about panda 
behavior, but this information is insufficient to support the …

5 Comprehensibility: The language of the text is relatively simple 
and easy to understand. However, due to the lack of background …

0 . 4 2 3 5

0 . 5 2 1 6

0 . 4 9 1 1

0 . 4 3 1 8

0 . 2 7 3 0

0 . 3 2 1 2

GradientCompletion

2 Neutrality: The text contains evaluative language about pandas 
(e.g., “goofballs,” “national treasure”), indicating strong subjective…

4 Correctness: There are no obvious scientific errors, but the claim 
that pandas are “national treasures,” while widely recognized, lacks …

3 Completeness: The text includes images of pandas but lacks 
sufficient background explaining why pandas are considered …

2 Precision: The descriptions are vague and lack concrete facts or 
data to support the claims. Precision is low.

2 Informativeness: The text mainly describes behavior and provides 
little new or useful information. Informativeness is low.

4 Comprehensibility: The language is relatively easy to understand, 
but the lack of concrete information may confuse readers about...

0 . 2 6 7 6

0 . 2 5 1 6

0 . 2 4 4 4
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0 . 5 9 4 3

0 . 4 6 9 8
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After Human Preference Alignment Vanilla LLM

Figure 3: Gradient visualization of model-generated output paragraphs, where each paragraph corresponds to the
analysis of a predicted text quality dimension. The score of each dimension is shown before the corresponding
paragraph, and the gradient value denotes the average token-level gradient within the paragraph.
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Figure 4: Per-dimension veracity separation on the
Weibo21 test set, measured as Cohen’s d between the
real and the fake group. Human expert score distribu-
tions appear in Figure 6.

Mean score Veracity separation d

Dimension GRPO GSC Reason. Orig. GRPO GSC Reason. Orig.

Neutrality 4.66 4.65 4.59 4.13 0.65 1.71 1.31 0.39
Correctness 4.00 4.15 3.87 3.43 0.81 1.84 1.33 0.56
Completeness 4.15 4.26 3.98 3.64 0.75 1.70 1.32 0.53
Precision 3.89 4.09 3.78 3.43 0.80 1.70 1.27 0.58
Comprehensibility 5.71 5.39 5.19 4.82 0.73 1.82 1.46 0.43
Informativeness 4.17 4.06 3.82 3.50 0.66 1.60 1.30 0.54

Mean 4.43 4.44 4.21 3.82 0.73 1.73 1.33 0.51

Table 5: Per-dimension mean scores and veracity separa-
tion on the Weibo21 test set. The separation is Cohen’s
d, the gap between the two veracity groups divided by
the pooled within-group standard deviation. Human
expert score distributions appear in Figure 6.

5.7 Qualitative Case Study

The qualitative pattern is consistent with the pro-
posed mechanism, where alignment changes which
reasoning dimensions the model relies on. Fig-
ure 3 visualizes gradient contributions from dif-
ferent dimension-specific reasoning segments to
the predicted label token on a representative multi-
modal post. Gradients are computed with respect to
the predicted label probability and averaged within
each segment, so paragraph length does not domi-
nate the visualization. The vanilla LLM places rel-
atively more attribution on later prompt segments,
especially Comprehensibility and Informativeness,
which can be satisfied by fluent but shallow descrip-
tions. After alignment, attribution shifts toward
Correctness, a more direct veracity signal.

5.8 Summary of Mechanism Evidence

Together with the hidden-state intervention in Ta-
ble 4, the qualitative case study suggests that GSC
changes both where score information is repre-
sented and which dimension-specific reasoning seg-
ments the label prediction is sensitive to. Taken
together, the experiments identify a specific mech-
anism behind the gain. The label and output for-
mat are controlled, yet Reasoning-only, Random-
G, and Shuffled-G trail GSC under paired tests;
making gϕ trainable weakens the result, showing
that a frozen human-calibrated score-to-label rela-
tion matters; Table 3 shows that the verifier must
be driven through a trainable score-token readout;
Table 4 shows that intervening on score-position
hidden states changes GSC generations far more
often than Reasoning-only; and Table 5 shows that
GSC widens the veracity separation carried by the
emitted scores. We therefore interpret the gains as
score-semantic calibration with behaviorally active
score-position representations, with Twitter repro-
ducing the same ordering among LLM baselines in
Table 1, and Weibo21 providing the paired statisti-
cal evidence.

6 Conclusion

We have shown that structured LLM outputs in
misinformation detection are not necessarily func-
tional. Adding structured-reasoning targets to label
supervision costs accuracy, because the format of
the trace can be satisfied without binding the inter-
mediate scores to the veracity decision. We pro-
pose GSC to close this gap with low supervision,
by training a compact human-calibrated verifier on
a small set of expert-annotated posts, freezing it,
and using a trainable score head to deliver the veri-
fier signal at the score-token hidden states the LLM
commits to during generation. The consistency
term recovers that cost and restores accuracy to a
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level statistically indistinguishable from label-only
supervision.

Across label- and format-matched controls,
score-token positional probes, and hidden-state in-
terventions, the gain is jointly attributable to the
semantic validity of the frozen score-to-label prior
and to the behavioral activity of the score-token rep-
resentations, and the direction reproduces across
datasets. No additional label term is introduced.
The only new supervision is a consistency loss at
the score positions, and the benefit surfaces on the
label. Overall, we hope this work encourages the
community to treat structured reasoning in LLM-
based misinformation detection as a behavioral
property of the model rather than as a surface fea-
ture of its outputs.

Limitations

This study focuses on a controlled setting for ex-
amining whether structured LLM reasoning can be
made verifier-consistent through human-calibrated
score consistency. Our experiments explore the
7B backbone in depth, and other model scales are
not explored to the same depth; the conclusions
we draw therefore concern this scale, and how the
mechanism behaves for substantially smaller or
larger models remains open. While the experiments
cover representative multimodal fake-news bench-
marks and a strong instruction-tuned VLM back-
bone, future work could extend the evaluation to
broader datasets, languages, event domains, model
families, and model scales. The human annotation
budget and the six-dimensional rubric are intention-
ally compact to study a low-supervision regime;
larger or more diverse annotation protocols may
further clarify how verifier quality, rubric design,
and domain shift affect performance. We hope
the proposed consistency framework can support
future work on more reliable, human-in-the-loop
misinformation detection systems.

Ethical Considerations

This work studies misinformation detection on pub-
lic benchmark datasets and uses human annotations
only to calibrate information-quality scores for re-
search purposes. Because these benchmarks are
derived from social-media posts, they may con-
tain user-generated content; we rely on the origi-
nal datasets’ anonymization and release conditions,
do not collect new social-media data, and use the
data only for research. The proposed system is

intended as decision support for human reviewers;
real-world moderation or fact-checking use should
keep humans in the loop and account for dataset
bias, cultural context, and potential harm from false
positives.
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A Mechanism and Calibration Evidence

We order the appendix by proximity to the paper’s
central claim. We first present the evidence that the
consistency loss affects training behavior and gener-
ated score distributions, then the human score space
that calibrates the verifier, followed by baselines,
implementation details, and prompt templates.

A.1 Consistency Objective and Module
Details

Consistency mask. Because DLLM contains a
small fraction of fallback instances whose target se-
quences do not carry the six dimension scores pro-
duced by Mgrpo (§C.1), the consistency term LGSC
is undefined on those instances, since no score-
token positions exist in the target sequence at which
the score head fψ can compute a six-dimensional
prediction, and forcing gϕ to verify a zero-padded
or imputed score vector would inject noise into a
signal that the rest of the design is built to keep
clean. We therefore gate the consistency term with
the annotation-time binary mask mx:

Ltotal(x) = LLM(x) +mx β LGSC(x). (6)

Strict-success instances therefore train both terms
with the weight β = 0.7 fixed throughout this
paper; fallback instances train only the language-
modeling term, contributing to label-token fluency
without participating in the verifier-mediated con-
sistency objective.

The forward-pass implementation is straightfor-
ward, where every training batch reads mx once per
instance from the corpus metadata produced during
score annotation and then broadcasts it to mask
out the LGSC contribution of fallback instances
when reducing the per-instance loss to the batch
mean. We do not anneal the mask and we do not
re-evaluate the strict-success criterion at training
time; mx is fixed at annotation time and stays fixed
throughout final SFT.

Verifier gϕ pre-training. The verifier is a one-
hidden-layer MLP that maps a six-dimensional
score vector to two-way veracity logits. Its
computation graph is Linear(6 → 64) →
GELU → Dropout(0.0) → LayerNorm(64) →
Linear(64→ 2), with no input LayerNorm and a
single post-activation LayerNorm before the out-
put layer, for a total of 706 trainable parameters.
We train gϕ from scratch on Dhuman (600 expert-
annotated instances with per-dimension score vec-
tors and gold veracity labels; see Appendix B) us-
ing AdamW with learning rate 3×10−4, weight
decay 1×10−4, batch size 64, and seed 44, for
up to 400 epochs with validation every 5 epochs
and no class-weighted loss. We retain the model
state that maximizes validation weighted-F1, break-
ing ties by validation accuracy and then by lower
validation loss; on Dhuman this selection lands at
epoch 5 (validation accuracy 72.69%, weighted-F1
71.85%, macro-F1 71.19%). After selection gϕ is
frozen for the remainder of the pipeline and never
receives a gradient during LLM SFT. This freezing
is the load-bearing design choice analyzed in §4.2.

Score head fψ. The score head reads the
LLM’s final readout hidden states at the six
score-token positions and projects each dimen-
sion into a scalar score with an independent per-
dimension sub-head; we do not share param-
eters across dimensions. Concretely, fψ is a
stack of six sub-heads f (1)

ψ , . . . , f
(6)
ψ , where each

f
(k)
ψ : R3584 → R has the computation graph
LayerNorm(3584) → Linear(3584 → 256) →
GELU → Dropout(0.1) → Linear(256 → 1),
with 3584 being the hidden size of Qwen2.5-VL-
7B (Bai et al., 2025). The k-th sub-head consumes
only the hidden state at the k-th score-token posi-
tion and emits a scalar ŝk; the six outputs are con-
catenated to form ŝ = (ŝ1, . . . , ŝ6) ∈ R6, which
is then read by the frozen verifier gϕ to compute
LGSC. The six sub-heads together hold ≈ 5.55M
trainable parameters.

Unlike gϕ, fψ is not pre-trained on Dhuman: its
parameters are randomly initialized and trained
only during final SFT, jointly with the LoRA
adapters under LLM + β · LGSC as gated by Eq. 6;
fψ receives no gradient during GRPO alignment,
label-free annotation, or gϕ pre-training. Its opti-
mizer, learning rate, scheduler, and warmup are
inherited from the final SFT configuration in Ta-
ble 10; no separate fψ-specific schedule is used. In
all main runs no direct score-regression term and
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β Acc Real F1 Fake F1

0.15 0.871 0.874 0.867
0.20 0.890 0.889 0.892
0.30 0.891 0.891 0.891
0.50 0.909 0.914 0.905
0.60 0.914 0.917 0.910
0.70 0.929 0.933 0.925
0.80 0.923 0.927 0.918
1.00 0.902 0.904 0.899

Table 6: β sensitivity on a Weibo21 validation set of
n = 1,159 instances drawn from the training split, with
all expert-annotated instances excluded. The argmax
stays at β = 0.7.

no label-token reweighting are applied, so that the
only auxiliary term added to LLM is β · LGSC as
written in Eq. 6.

A.2 β Sensitivity

Table 6 reports a β sweep on Weibo21 with β ∈
{0.15, 0.20, 0.30, 0.50, 0.60, 0.70, 0.80, 1.00}.
The sweep uses the same hyperparameter recipe as
Table 10. At β = 0 the consistency term vanishes
and the objective collapses to Reasoning-only, so
the grid starts above zero. The sweep runs on a
validation set of n = 1,159 instances drawn from
the Weibo21 training split, which excludes all
expert-annotated instances and was held out of the
GSC runs reported here.

Accuracy rises from 87.1% at β = 0.15 to a
peak of 92.9% at β = 0.70 and falls to 90.2% at
β = 1.00. The region β ∈ [0.5, 0.8] stays within
two points of the peak, so the preferred range is
broad rather than narrow. We adopt β = 0.7 for all
reported runs.

A.3 Training-Stage Score Distributions

The per-dimension histograms expand the separa-
tion figures of §5.6 to the level of distributions.
GSC and Reasoning-only use the same training
data and the same output schema, and GSC spreads
its samples over more score levels, with the most
frequent level holding 33.3% of the samples on
average against 38.4% for Reasoning-only, on all
six dimensions. The GRPO stage and the orig-
inal LLM place 23.5% and 25.5% at their most
frequent level, with separations of 0.73 and 0.51.
This agrees with the reading that the consistency
term acts on the generated scores and on the final
label token together.

Variant 3B 7B 72B

Reasoning-only 0.831 0.829 0.841
Trainable-G 0.869 0.898 0.863
GSC 0.930 0.950 0.958

GSC − Reasoning-only +9.9% +12.1% +11.7%

Table 7: Weibo21 accuracy across backbone scales, with
β = 0.7 transferred without retuning. The cost of re-
moving the consistency term persists at every scale.

A.4 Scale Effect

The controlled comparison in Table 2 uses a 7B
backbone. To check whether the accuracy cost of
structured reasoning is a property of that scale, we
repeat the Reasoning-only and GSC settings on
Qwen2.5-VL-3B and Qwen2.5-VL-72B under the
same recipe, with β = 0.7 carried over unchanged,
a fixed epoch budget, and the final checkpoint taken
without selection. Table 7 reports Weibo21 accu-
racy.

Two patterns hold at every scale. First, remov-
ing the consistency term costs accuracy at all three
sizes, and the gap does not shrink as the backbone
grows: Reasoning-only trails GSC by 9.9% at 3B,
12.1% at 7B, and 11.7% at 72B. Structured rea-
soning supervision on its own is therefore not a
small-model artifact. Second, Trainable-G stays
below GSC at all three sizes, so freezing the ver-
ifier remains necessary even at 72B. What scale
improves is the overall discrimination ability of the
backbone; the coupling between the emitted scores
and the label does not appear on its own, and in
every setting we tested it is the consistency term
that establishes it.

B Human Annotation and Score Space

This appendix expands on the human-annotation
protocol summarized in §3 and documents the
score space used to calibrate the frozen verifier.
We describe the six information quality dimen-
sions, the sampling protocol used to construct
Dhuman, the rating scale and aggregation rule, the
inter-annotator agreement, and auxiliary score-
distribution evidence from human, GPT-5.2, and
Qwen2.5-VL-7B scores.

B.1 Annotation Protocol and Dimension
Definitions

Dimension definitions. We adopt six of the
seven dimensions of Soprano et al. (2021),
grounded in the ISO 25012 information-quality
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Figure 5: Weibo21 test-set score distributions across four training stages. Human expert score distributions appear
in Figure 6.

model (International Organization for Standard-
ization, 2008) and validated for credibility judg-
ments by both experts and crowd workers (Mad-
dalena et al., 2018; Barbera et al., 2024). We omit
Speaker’s Trustworthiness because social-media
news posts are frequently reposted or redistributed,
making it cumbersome to trace the original pub-
lisher from the post alone. The definitions used by
our annotators are:

• Neutrality. Whether a post adopts an ob-
jective, factual tone or primarily expresses
subjective viewpoints, emotion, or stance.
Emotive hashtags (e.g., #scary), exclamatory
punctuation, and overt opinion markers (“I
think,” “obviously”) push the score down.

• Correctness. Whether the content is con-
sistent with commonly accepted real-world
constraints and is internally self-consistent,
judged without external fact-checking. This
is a plausibility-style judgment of the text as
read, not a verdict on the underlying event.

• Completeness. Whether the essential ele-
ments for understanding the event (actor, time,
location, cause, outcome) are present. Hash-
tags do not count as elements; an image may

complete the description if the text explicitly
refers to it.

• Precision. The degree to which claims are
articulated with specific temporal, spatial, nu-
merical, or named details. Note that a fab-
ricated post can be highly precise; precision
and truth are not coupled by definition.

• Comprehensibility. How easily the post can
be read and understood as a linguistic artifact,
independent of whether its content is true or
complete. Foreign-language posts are not pe-
nalized for being in a foreign language; only
intrinsic ambiguity, broken syntax, or unclear
references reduce the score.

• Informativeness. Whether the post conveys
substantive, verifiable content beyond excla-
mations, hashtags, URLs, or pure opinion.
Hashtags, image-pointer phrases (“see this!”),
and bare URLs do not contribute.

The annotator-facing rubric additionally pro-
vides anchor descriptions for each integer point
on the 1-to-9 scale, worked examples, and a self-
check list.
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Sampling and annotation. Dhuman consists of
600 posts sampled from the training splits of
Weibo-21 (Nan et al., 2021) and Twitter (Boidi-
dou et al., 2018). Sampling is uniform-random
within each platform and is stratified by veracity to
obtain a balanced subset:

• Weibo-21: 150 real +150 fake = 300 posts.

• Twitter: 150 real +150 fake = 300 posts.

We impose no topic or time restrictions, and we
verify that no sampled training post coincides with
any post in the evaluation splits used in §5. The
resulting subset is disjoint from the Weibo21 and
Twitter evaluation splits used for the main report.

Five annotators participated; all are graduate-
level researchers familiar with social-media misin-
formation. Each annotator receives the same rubric,
a short calibration session on 20 pilot posts (not
part of Dhuman), and rates each post on every dimen-
sion using a 1-to-9 integer scale. The veracity label
is also recorded for each post but is collected inde-
pendently of the dimension scores and is not used
as a target for any dimension. Every post in Dhuman
is rated by all five annotators, and the post-level
final score on each dimension is the per-annotator
mean, which is the value supplied to the verifier gϕ
during training (§B.1).

Rating scale and aggregation. We use a 1-to-9
integer scale on every dimension, with 5 as an ex-
plicit “cannot tell / default” value and odd integers
(1, 3, 5, 7, 9) anchored to qualitative levels (worst,
low, mid, high, best). Even integers are reserved
for in-between calls. The rubric explicitly instructs
annotators to avoid using 4 or 6 as fallbacks when
uncertain, since uncertain cases default to 5.

For each post and dimension, the final score
released to downstream pipelines is the per-
dimension mean across the participating annota-
tors, rounded to the nearest integer in {1, . . . , 9}.
This rounded mean is the value supplied to gϕ dur-
ing its pre-training (§4.2); the score head fψ is
randomly initialized and not pre-trained on these
targets (Appendix A.1).

B.2 Agreement and Score Distribution
Evidence

We compute agreement on the full annotated subset
for each dataset, namely 300 Twitter posts and 300
Weibo-21 posts, the entire Dhuman sample. Each
post in both subsets is rated by every participat-
ing annotator on every dimension. Per-dataset

metrics are then averaged across the two datasets
(arithmetic mean of the per-dataset Krippendorff α,
Fleiss κ, score mean, score standard deviation, and
pairwise disagreement rate).

For each dimension we report Krippendorff α,
which is computed at the interval level appropri-
ate for ordinal 1-to-9 ratings, and Fleiss κ, which
treats each score as a separate category and is there-
fore conservative because it ignores the ordinal
structure; we also report the score mean, standard
deviation, and the fraction of annotator pairs that
disagree by at least one scale point (disagreement).

Dimension α κ mean std disagree

Neutrality 0.763 0.271 5.27 2.59 0.252
Correctness 0.668 0.232 5.98 1.87 0.296
Completeness 0.652 0.234 5.39 2.11 0.347
Precision 0.718 0.286 5.10 2.37 0.289
Comprehensibility 0.580 0.196 6.92 1.88 0.246
Informativeness 0.506 0.213 5.12 2.10 0.423

Table 8: Inter-annotator agreement on Dhuman, per di-
mension. α is Krippendorff’s α at the interval level; κ
is Fleiss’ κ on the raw 1-to-9 categories; disagreement
is the fraction of annotator pairs differing by ≥ 1 scale
point. Values are averaged across the Twitter (n=300)
and Weibo-21 (n=300) subsets as described in §B.2.

The pattern in Table 8 is consistent with what
has been previously reported for fine-grained truth-
fulness dimensions on social-media content (Bar-
bera et al., 2024; Maddalena et al., 2018), where
ordinal agreement (α) is moderate to substantial
(0.51–0.76) while the raw categorical κ is markedly
lower because a 9-category scale penalizes minor
ordinal drift heavily. The lowest-ordinal-agreement
dimensions are Comprehensibility (α = 0.58) and
Informativeness (α = 0.51); these are also the two
dimensions on which §3 reports the smallest dis-
tributional separation between real and fake posts,
indicating that low IAA reflects intrinsic ambiguity
of the construct on short, fragmentary posts. Con-
versely, Neutrality and Precision show the highest
ordinal agreement (α = 0.76 and 0.72), matching
their cleaner separability in the score distributions.

We interpret these IAA numbers as evidence
that the six dimensions, as defined in §B.1 and in-
stantiated by the rubric, support reliable ordinal
judgments in the moderate-to-substantial range re-
quired to train the small, frozen verifier gϕ, with
each dimension contributing partial signal that the
verifier combines. This is the empirical basis for
our framing of the six dimensions as a structural
carrier of LLM reasoning, restated from §3.
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Score distributions. Figures 6–8 report per-
dimension score distributions from human ex-
perts, GPT-5.2 (OpenAI, 2026), and Qwen2.5-VL-
7B (Bai et al., 2025) on the Weibo-21 (Nan et al.,
2021) and Twitter (Boididou et al., 2018) training
subsets. The distributions support the main-text
claim that the dimensions are useful structural car-
riers whose combination the verifier learns.

Human expert distributions. Human scores
show clearer real–fake separation on Neutrality,
Correctness, Completeness, and Precision, while
Comprehensibility and Informativeness largely
overlap across labels.

GPT-5.2 score distributions. GPT-5.2 preserves
the broad direction on Neutrality and Correctness
but compresses scores toward the middle of the
scale, especially on the other four dimensions.

Qwen2.5-VL-7B score distributions. Before
consistency training, Qwen2.5-VL-7B produces
much flatter and less label-separating score dis-
tributions, motivating the need to bind generated
scores to the frozen verifier.

Cross-annotator patterns. Across the three
sources, Neutrality and Correctness are the most
stable dimensions, Completeness and Precision are
useful but more calibration-sensitive, and Com-
prehensibility/Informativeness are the least label-
separating. This pattern matches the IAA results in
Appendix B.2.

C Preference Alignment and Score
Annotation

This appendix records how the small human-
calibrated scoring set is expanded into the struc-
tured supervision corpus used for final SFT.

C.1 GRPO Preference Alignment and
Label-Free Annotation

GRPO preference alignment. GRPO aligns the
backbone LLM with the per-dimension scoring
preferences encoded in Dhuman, producing the
preference-aligned policy Mgrpo used for large-
scale score annotation. We adopt Group Relative
Policy Optimization (GRPO) as the preference-
alignment algorithm; the only methodological con-
straint imposed by GSC is that the reward signal
is computed entirely on the 600 human-annotated
instances in Dhuman, so that Mgrpo’s sense of which
score profiles accompany real versus fake content is

grounded in expert annotation. The complete loss
formulation LGRPO, the group-relative advantage,
the PPO clipped ratio, and the three reward com-
ponents (rformat, ranswer, rpref) follow the standard
GRPO recipe and are not repeated here; Table 10
collects the GRPO and final SFT configurations.
The one component specific to this work is rpref:
within each group of K samples drawn for the same
post, we rank the samples by the squared deviation
of their six scores from the expert scores and award
a decreasing bonus by rank. rpref is therefore a
group-relative ranking reward over score profiles,
so this stage aligns Mgrpo with expert preferences
among score profiles while leaving the absolute
scale of the expert scores free.

We deliberately do not re-tune the GRPO recipe,
and treat this step as a black-box preference align-
ment whose output is consumed by score annota-
tion, and any hyperparameter difference relative
to the standard GRPO recipe would make down-
stream gains attributable to the alignment recipe
as much as to GSC. The only design choice that
this paper exposes at the alignment interface is the
requirement that the reward source be restricted
to Dhuman; that constraint is what later allows the
label-free annotation protocol to produce trajecto-
ries whose six-dimensional score profiles are them-
selves behaviorally meaningful, carrying informa-
tion beyond agreement with a gold label.

Large-scale score annotation. The annotation
step uses the preference-aligned Mgrpo from §C.1
to construct the supervision corpus DLLM on which
the final model is fine-tuned. The gold label is with-
held from the prompt during sampling, so Mgrpo
must produce a full structured response (reasoning
trace, six dimension scores with per-dimension jus-
tifications, and a predicted veracity label) on the
basis of the input post alone, with no shortcut to
the correct answer.

Sampling protocol. For each training instance
x ∈ Dtrain, we run an ordered temperature sched-
ule T ∈ {0.2, 0.5, 0.8, 1.0, 1.2}, drawing five
samples at each temperature with the remaining
decoding parameters held fixed, for a maximum
of 25 candidate responses per instance. Decod-
ing uses nucleus sampling with top-p = 0.9 and
top-k = 50, and a limit of 1024 new tokens; the
prompt template is the Structured Scoring Prompt
(Appendix E.2) with the gold label field removed at
sampling time. The temperature schedule is mono-
tone non-decreasing so that earlier candidates cor-
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Figure 6: Human-expert score distributions on the Weibo-21 (top) and Twitter (bottom) training subsets of Dhuman.
Each row is a 1× 6 panel, one panel per dimension; bars within a panel are stacked by veracity label.
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Figure 7: GPT-5.2 (OpenAI, 2026) score distributions on the Weibo-21 (top) and Twitter (bottom) training subsets.
The same prompt template (Appendix B.1 rubric, rendered as a single-pass prompt) is used on both platforms.

respond to lower-entropy, higher-confidence roll-
outs; when an early candidate already succeeds,
the expensive high-temperature attempts are not
consumed.

Strict-success criterion. A candidate is accepted
as a strict success if and only if two conditions hold
jointly. First, the predicted veracity label parsed
from the candidate must match the gold label of
the input. Second, all six score fields and their per-
dimension justification fields must be present and
parse cleanly under the JSON-like schema defined
by the prompt template; partial parses, such as
cases where only five of six scores are recoverable,
are not accepted. For each instance we walk the
25 candidates in temperature and sample-index or-
der and retain the first candidate that satisfies both
conditions; the remaining candidates are discarded.

Fallback rule. If all 25 candidates fail the
strict-success check, the instance falls back to a
label-only target, where the target sequence is

constructed using the gold veracity label with-
out any six-dimensional score field, and its con-
sistency mask is set to mx = 0. Strict-
success instances carry the full target õ =
(reason, s1, . . . , s6, veracity) inherited from the
accepted candidate, with the veracity token re-
placed by the gold label, and have mx = 1.

Resulting corpus composition. Under this pro-
tocol the resulting DLLM is dominated by strict-
success instances. On Weibo21 approximately
97.5% of training instances yield a strict-success
candidate within 25 samples and the remaining
≈ 2.5% are fallback; on Twitter the correspond-
ing ratio is approximately 95.8% strict-success and
≈ 4.2% fallback. DLLM contains 8,010 instances
on Weibo21 and 13,366 on Twitter; on Twitter this
equals the size of Dtrain, while on Weibo21 it cov-
ers all but a small remainder of the training split
documented in §5.1.
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Figure 8: Qwen2.5-VL-7B (Bai et al., 2025) score distributions on the Weibo-21 (top) and Twitter (bottom) training
subsets, obtained from the zero-shot backbone before any consistency training is applied.

Dimension Human Rank Dev |R−H| |D−H|
Neutrality 4.11 4.69 4.55 0.58 0.45
Correctness 5.35 4.65 4.47 0.70 0.88
Completeness 4.91 4.73 4.16 0.18 0.75
Precision 4.35 4.39 3.84 0.05 0.51
Comprehensibility 6.76 6.11 6.47 0.65 0.29
Informativeness 4.41 4.78 4.10 0.37 0.30

Mean – – – 0.42 0.53

Table 9: Mean dimension scores on the Twitter subset
of the expert-annotated posts. Human is the average of
the expert ratings; Rank and Dev are the scores emitted
by generators aligned with the ranking and the deviation
form of rpref; the last two columns are their absolute
differences from Human.

Why label-free annotation. Revealing the gold
label at sampling time would let Mgrpo construct
any six-dimensional score profile that is locally
consistent with the prompted answer; under such
a protocol the construction itself would couple the
score fields to the final label, leaving the under-
lying reasoning unconstrained. Withholding the
label forces the model to emit score profiles that
are independently predictive of the truth, which is
precisely the property the frozen verifier gϕ later
certifies in the consistency term.

C.2 Reward Form for Preference Alignment

We further compare the ranking form of rpref
against a direct deviation reward on the expert
scores. As shown in Table 9, the ranking form
is more discriminative on the dimensions that bear
most directly on veracity, while the deviation form
falls slightly behind on those same dimensions. We
therefore adopt the ranking form for rpref.

D Implementation and Reproducibility
Details

All variants reported in this paper fine-tune
Qwen2.5-VL-7B (Bai et al., 2025) with LoRA.
We deliberately fix the SFT budget across GSC,
the controlled structured-output variants, and the
label-only baseline so that differences in test ac-
curacy isolate the score-supervision design under
an equal optimization budget. The SFT variants
therefore differ only in the source of the score tar-
get used by the consistency term. The label-only
baseline omits scores entirely and uses a label-only
prompt template; all structured variants share the
same six-dimensional rubric prompt described in
Appendix E.2. Table 10 lists both the GRPO align-
ment and final SFT configurations.

E Baselines and Prompt Templates

We place baseline descriptions and prompt tem-
plates last because they serve as experimental ref-
erence material for reproducing the setup.

E.1 Baseline Details
We group the baselines in Table 1 into multimodal
detectors and LLM-based methods.

Multimodal detectors. EANN (Wang et al.,
2018) uses event-category classification as an aux-
iliary task for fake news detection. SAFE (Zhou
et al., 2020) extracts textual features with Text-
CNN and incorporates cross-modal similarity for
veracity prediction. SpotFake (Singhal et al., 2019)
combines BERT-based textual features with VGG-
based visual features. CAFE (Chen et al., 2022) in-
troduces ambiguity-aware multimodal fusion to im-
prove robustness. BMR (Ying et al., 2023) dynam-
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GRPO preference alignment

Component Setting

Backbone Qwen2.5-VL-7B (Bai et al., 2025)
Adapter LoRA on all linear layers; rank 256; α = 256
Optimizer AdamW
Learning rate 5×10−5

LR scheduler constant
Training budget 225 GRPO steps
Batching group size K = 8; gradient accumulation 16 (Weibo21) / 32 (Twitter)
Regularization KL coefficient βKL = 0.1; PPO clip ϵ = 0.2†

Sampling rollout temperature 0.9
Reward source Dhuman only
Reward weights rformat = 1; ranswer = 10; rpref = (8, 4, 2, 1, 0.5, 0.25, 0.125, 0.05)
Mixed precision bfloat16
Hardware 2×A100 (80GB)

Final SFT

Component Setting

Backbone Qwen2.5-VL-7B (Bai et al., 2025)
Adapter LoRA; rank 64; α = 128; dropout 0.05
Optimizer AdamW
Learning rate 1×10−4

LR scheduler / warmup constant / 0.0
Training budget 3 epochs
Batching per-device batch size 1; gradient accumulation 16
Regularization max gradient norm 1.0; activation recomputation disabled
Input processing max pixels 50176
Prompt templates Structured Scoring Prompt / Label-Only Classification Prompt
Seeds seed 42; data seed 42
Mixed precision bfloat16
Hardware single A100 (80GB)

Table 10: Training configurations for GRPO preference alignment and final SFT. † marks default values from TRL
0.27.0 and the Qwen2.5-VL reference implementation.

ically re-weights and refines multimodal features.
MCAN (Zhang et al., 2025) combines semantic fea-
tures, writing-style cues, and image-manipulation
cues through cross-attention based multimodal fu-
sion. BMLHF (Wu et al., 2025) addresses modality
imbalance with hierarchical intra- and inter-modal
fusion. DAPT (Tong et al., 2025) performs domain-
aware prompt tuning with domain debiasing and
uncertainty-aware multimodal fusion.

LLM-based methods. GPT-3.5-turbo (Ope-
nAI, 2023), GPT-4o (OpenAI, 2024), and GPT-
5.2 (OpenAI, 2026) are evaluated in a zero-shot
setting with the same task instruction format. Su-
perICL (Xu et al., 2024) incorporates auxiliary
predictions from a smaller model into in-context
learning. ARG (Hu et al., 2024) augments clas-
sifier predictions with LLM-generated reasoning.
Qwen2.5-VL-7B (zero-shot) evaluates the back-
bone without task-specific fine-tuning. Qwen2.5-
VL-7B (SFT, label-only) uses the same backbone

and final veracity supervision as GSC but omits the
six score outputs and the consistency loss; its ac-
curacy is reported in Table 2 as the reference point
for the paired analysis.

E.2 Prompt Templates
This appendix reproduces the two prompt tem-
plates used in the main and ablation experiments,
as referenced from Appendix C. Figure 9 con-
tains the Structured Scoring Prompt, shared by
GSC and the controlled structured-output variants.
Figure 10 contains the Label-Only Classification
Prompt, used by the Qwen2.5-VL-7B SFT label-
only baseline reported in Table 2. All other hyper-
parameters are held fixed across the two templates
(see Appendix D); only the structured output speci-
fication differs.
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Prompt 1: Structured Scoring Prompt

System Prompt: You are an assistant for evaluating content veracity and objectivity, responsible for systematically analyzing
the given content and assessing its truthfulness and credibility. You must strictly distinguish between factual statements and
subjective opinions or emotionally driven expressions.
Please focus on the following six evaluation dimensions. First, carefully read the textual content. If an image is provided (i.e.,
not marked as “NO IMG”), analyze the image jointly with the text; otherwise, analyze the text only.
Conduct step-by-step reasoning and evaluate the credibility of the content along the six dimensions specified below.
The output format is as follows: <think> Please analyze the credibility of the content step by step, reasoning in detail along
the following dimensions:
1. Neutrality - Determine whether the text primarily presents verifiable facts or expresses opinions, ideological stances,
emotions, or speculation. - If the content is strongly fact-based and objectively descriptive → high neutrality (7–9); if it
contains a mixture of factual statements and subjective elements → medium (4–6); if it is dominated by opinions or emotional
expressions → low neutrality (1–3). - Note: Do not judge neutrality solely based on tone; assess whether the claims can be
externally verified.
2. Correctness - Examine the consistency between the content and established scientific knowledge, domain-specific facts
(e.g., natural or social sciences, historical records), and official or authoritative sources. - If the content clearly aligns with
common knowledge and scientific principles → high (7–9); if it contradicts known facts or contains explicit errors → low
(1–3); if evidence is insufficient or the statements are largely neutral → medium (4–6).
3. Completeness - Assess whether causal relationships, temporal sequences, and key details are clearly presented and
internally consistent, and whether essential contextual information is missing. - If the text provides sufficient details, a
coherent logical chain, and consistency with images and known facts → high (7–9); if there are logical gaps or missing
critical information → low (1–3).
4. Precision - Evaluate whether the statements are specific and concrete (e.g., including numbers, dates, sources, or
proportions), rather than vague or generalized. - If wording is precise and details are clearly specified → high (7–9); if the
content is vague, exaggerated, overly general, or lacks concrete evidence → low (1–3).
5. Comprehensibility - Judge whether the content is easy to understand, well-structured, and clearly expressed, allowing
readers to grasp the intended meaning without difficulty. - If the language is concise, logically organized, and free of
significant ambiguity → high (7–9); if the text is verbose, obscure, grammatically flawed, or difficult to follow → low (1–3);
otherwise assign a medium score (4–6).
6. Informativeness - Assess whether the content provides new, useful information rather than merely repeating common
knowledge, clichés, or empty conclusions. - If the text contains concrete information that supports inference or further
analysis → high (7–9); if it mainly consists of uninformative statements or widely known facts → low (1–3); otherwise assign
a medium score (4–6).
</think>
Neutrality Score: <neutrality>[1–9]</neutrality>
Scientific Factual Correctness Score: <correctness>[1–9]</correctness>
Completeness Score: <completeness>[1–9]</completeness>
Precision Score: <precision>[1–9]</precision>
Comprehensibility Score: <comprehensibility>[1–9]</comprehensibility>
Informativeness Score: <informativeness>[1–9]</informativeness>
Content Veracity: <veracity>[True / False]</veracity>

User Prompt: Please assess the veracity and credibility of the following content. Analyze the text (and image, if
provided) step by step, strictly distinguishing factual statements from subjective opinions. Evaluate the content along six
dimensions—neutrality, factual correctness, completeness, precision, comprehensibility, and informativeness—and assign a
score from 1 to 9 for each dimension. Finally, determine whether the content is true or false.

Context: News Text: [the given news text], Image: [the given news image]

Figure 9: Structured Scoring Prompt used by GSC and all controlled variants. The six dimension scores appear at
fixed positions in the target sequence and are consumed by the verifier described in Section 4.
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Prompt 2: Label-Only Classification Prompt

System Prompt: You are an assistant for assessing content veracity and objectivity. Your task is to conduct a systematic
analysis of the given content and determine its factual accuracy and overall credibility. You must strictly distinguish between
factual statements and subjective opinions or emotional expressions.
Your assessment should focus on identifying verifiable claims and evaluating their credibility. Please carefully read the
provided text first. If an accompanying image is provided (i.e., not marked as “NO IMG”), incorporate visual evidence into
your analysis. If no image is provided, base your assessment solely on the textual content.
Conduct your reasoning step by step, and analyze the credibility of the content in detail according to the following criteria.
Output format:
<think>
1. Identification of key factual claims (list each claim separately)
2. Verifiability analysis for each factual claim
3. Detection of potential logical gaps, inconsistencies, or misleading expressions
4. Identification of subjective judgments and emotional or opinionated language
5. Overall rationale for the credibility assessment
</think>
Optionally, if applicable, you may also include:
References to commonly known facts or publicly verifiable information. Notes on missing context or insufficient evidence
that affect credibility.
Content Veracity: <veracity>[True / False]</veracity>

User Prompt: Please assess the veracity and credibility of the following content. Analyze the text (and image, if provided)
step by step, strictly distinguishing factual statements from subjective opinions. Finally, determine whether the content is true
or false.

Context: News Text: [the given news text], Image: [the given news image]

Figure 10: Label-Only Classification Prompt used by the Qwen2.5-VL-7B SFT baseline. The target sequence
contains only the final veracity decision; no reasoning trace and no dimension scores are emitted, so the GSC
consistency loss does not apply.
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