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Abstract

Multimodal fake news detection predicts post
veracity from text, images, and inter-post
context. Existing content-centric and graph-
propagation methods model post evidence and
inter-post context, but graph propagation still
assumes connected posts provide compatible
veracity evidence. In multimodal fake news
graphs, edges often represent post related-
ness rather than veracity consistency, so prop-
agation can pass misleading evidence across
conflicting posts. In this paper, we propose
Semantic-Structural Propagation Calibration
(SSPC), which uses noisy LLM pseudo-labels
to calibrate where and how much propagation
should be trusted, rather than using them as
direct labels. SSPC refines graph edges from
high-confidence pseudo-label agreement, com-
putes a graph-encoded base prediction and a
graph-propagated prediction, and learns node-
level propagation reliance with a cross-fitted
utility gate. Experiments on Twitter, PHEME,
and Weibo show state-of-the-art (SOTA) per-
formance over strong multimodal and graph-
propagation fake news detection baselines.

1 Introduction

Fake news on social media is often conveyed
through multimodal posts that combine text, im-
ages, and inter-post context. Multimodal fake news
detection aims to predict the veracity of each post
and supports applications such as misinformation
monitoring. Existing methods mainly combine
multimodal representation learning with graph-
based propagation to capture both post-level ev-
idence and inter-post context.

Early studies mainly adopt content-centric meth-
ods, which encode textual, visual, or cross-modal
features to detect fake news from the post itself
(Wang et al., 2018; Zhou et al., 2020). These meth-
ods are effective at capturing post-level content
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Figure 1: Motivation of SSPC. Noisy pseudo-labels can
amplify errors across veracity-conflicting links; SSPC
calibrates propagation paths and node reliance.

evidence, but they often miss inter-post context,
such as supporting, contradicting, or corrective in-
formation from related posts. To address this limi-
tation, recent studies propose graph-based methods
that construct social graphs, propagation graphs, or
similarity graphs to model inter-post context, ag-
gregate neighboring representations through graph
neural networks, and directly propagate predictions
or label information over the graph through label
propagation (Lu and Li, 2020; Bian et al., 2020;
Zhao et al., 2023). Despite these improvements,
graph-based propagation remains vulnerable in
low-homophily or heterophilous neighborhoods
(Pei et al., 2020; Zhu et al., 2020). Message passing
and label propagation implicitly assume that con-
nected posts provide compatible veracity evidence,
but edges in multimodal fake news graphs often re-

29155



flect post relatedness, such as shared images, event
co-occurrence, or semantic similarity, rather than
veracity agreement. Thus, rumor and debunking
posts may be connected despite opposite stances.
We call this mismatch semantic-structural con-
flict (illustrated in Figure 1), under which propaga-
tion can transfer misleading evidence from veracity-
inconsistent neighbors. Appendix Section I pro-
vides an empirical conflict analysis across overall,
same-image, and same-event edges.

This issue suggests that the key challenge is not
merely how to incorporate more neighboring evi-
dence through graph propagation, but how to pre-
vent unreliable neighboring evidence from mislead-
ing prediction. In multimodal fake news graphs,
edges usually represent shared images, event co-
occurrence, or semantic similarity; these links in-
dicate that posts are related, but they do not guar-
antee consistency in veracity judgment. This leads
to two practical questions. First, which graph
edges should support propagation? Since graph
edges may connect semantically conflicting posts,
propagating over all edges can transfer mislead-
ing label evidence to the target node. Second,
how much should each node rely on propaga-
tion? Some nodes benefit from inter-post context,
while others are harmed by noisy propagation, so
a uniform propagation strength is suboptimal. Re-
cent work has introduced large language model
(LLM) pseudo-labels into label propagation for
multimodal fake news detection, using them as
auxiliary signals for graph-based prediction (Hu
et al., 2025). However, fake news judgments often
require event background, platform context, and
propagation evidence that an LLM may not ob-
serve. Directly using LLM pseudo-labels as train-
ing labels can therefore inject noisy and overcon-
fident errors. The core challenge is how to use
noisy LLM pseudo-labels as weak propagation-
calibration signals to learn both propagation paths
and node-level propagation strength without treat-
ing them as ground-truth labels.

In this paper, we propose Semantic-Structural
Propagation Calibration (SSPC), which cali-
brates graph propagation in multimodal fake news
detection by learning a two-level propagation pol-
icy. At the edge level, Veracity-aware Learn-
able Graph Refinement (LGR) estimates where
veracity evidence should flow by adjusting graph
edges according to high-confidence pseudo-label
consistency. At the node level, the Cross-fitted
Semantic-Structural Propagation Utility Gate

estimates how much each node should trust prop-
agated predictions relative to the graph-encoded
base prediction. In both levels, LLM pseudo-labels
serve as weak calibration signals for propagation
reliability, not as direct training labels.

Overall, SSPC shifts the role of graph prop-
agation from unconditional label smoothing to
calibrated evidence transfer. It converts noisy
LLM pseudo-labels into edge-level routing and
node-level reliance estimation signals. On Twit-
ter, PHEME, and Weibo, SSPC achieves SOTA
performance over strong multimodal and graph-
propagation baselines.

Our contributions are three-fold: (1) We for-
mulate multimodal fake news detection under
semantic-structural conflict as a propagation cal-
ibration problem, shifting the focus from how to
propagate labels to when, where, and how much
propagation should be trusted. (2) We propose
SSPC, which converts LLM pseudo-labels into
weak propagation-calibration signals through edge-
level evidence routing and node-level propaga-
tion reliance estimation, rather than using them
as direct supervision. (3) Experiments show that
SSPC achieves SOTA performance across multiple
datasets, validating the effectiveness of propaga-
tion calibration over direct graph propagation and
LLM-assisted propagation.

2 Related Work

2.1 Multimodal Fake News Detection

Multimodal fake news detection predicts post ve-
racity from textual, visual, and contextual cues.
Content-centric methods strengthen post-level ev-
idence by learning event-invariant or latent multi-
modal representations, using pretrained encoders
and cross-modal interaction, or modeling ambigu-
ity, causality, contrastive alignment, and optimal
transport (Singhal et al., 2019; Zhou et al., 2020;
Wu et al., 2021; Chen et al., 2022, 2023; Lu et al.,
2023; Shen et al., 2024; He et al., 2025). These
methods improve local predictors, but they mainly
reason from each post and do not decide when inter-
post relations should propagate veracity evidence.

2.2 Graph-based Propagation and Label
Propagation

Graph-based fake news detection uses relations
among users, publishers, posts, sources, or diffu-
sion paths to provide context beyond local con-
tent (Shu et al., 2019; Lu and Li, 2020; Nguyen
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et al., 2020; Bian et al., 2020; Dou et al., 2021;
Huang et al., 2022). Multimodal graph methods fur-
ther construct cross-modal or semantic post graphs
and propagate labels or evidence over related posts
(Zhao et al., 2023; Hu et al., 2025). This line is also
related to classic label propagation, local-global
consistency, and recent correction/smoothing meth-
ods for graph-based prediction (Zhu and Ghahra-
mani, 2002; Zhou et al., 2003; Huang et al., 2021).
However, most methods treat graph neighborhoods
as evidence to aggregate; SSPC instead learns prop-
agation reliability, deciding which edges should
carry veracity evidence and which nodes should
reduce reliance on propagated predictions under
semantic-structural conflict.

2.3 LLM Pseudo-labels and Weak
Propagation Calibration

LLM pseudo-labels extend weak supervision,
where data programming and Snorkel combine
noisy labeling sources but noisy-label learning
warns that incorrect labels can harm generaliza-
tion (Ratner et al., 2016, 2020; Song et al., 2023).
LLMs serve as knowledge advisors and data synthe-
sizers (Tian et al., 2025; Liu et al., 2025; Lu et al.,
2026), while also providing annotations or auxil-
iary signals for social media, language, graph, and
fake news tasks, including ChatGPT-based anno-
tation, label-free node classification, RumorLLM,
and LLM-assisted multimodal graph propagation
(Gilardi et al., 2023; Chen et al., 2024; Lai et al.,
2024; Hu et al., 2025). Beyond the tasks above,
LLMs also support applications such as graph-
organized prompting for low-resource machine
translation (Pan et al., 2024) and safety-critical
methods (Pan et al., 2025, 2026). Yet fake-news ve-
racity may depend on event background, platform
context, source credibility, and propagation evi-
dence unavailable to the LLM, while hallucination
or overconfidence can add noise (Ji et al., 2023).
SSPC uses pseudo-labels for propagation calibra-
tion: unlike methods that inject them into global
or node-level propagation (Zhao et al., 2023; Hu
et al., 2025), LGR adjusts edge routes and CPUG
estimates node reliance on propagated predictions.

3 Method

3.1 Overview

We propose SSPC, a Semantic-Structural Prop-
agation Calibration framework for multimodal
fake news detection that uses noisy LLM pseudo-

labels as weak propagation-calibration signals
rather than training labels. As illustrated in
Figure 2, SSPC contains three connected mod-
ules organized as a graph-calibration, veracity-
prediction, and adaptive-fusion pipeline. (1) The
Veracity-aware Learnable Graph Refinement
module (LGR; § 3.2) implements edge-level rout-
ing by transforming high-confidence LLM pseudo-
label agreement and disagreement into learnable
propagation-path adjustments, producing the re-
fined graph used by MGVP. (2) The Multimodal
Graph Veracity Predictor module (MGVP; § 3.3)
performs veracity prediction on the refined graph
through a dual-evidence design, separating the
graph-encoded base prediction from the explicitly
graph-propagated prediction. (3) The Cross-fitted
Semantic-Structural Propagation Utility Gate
module (CPUG; § 3.4) implements node-level re-
liance estimation by predicting how much each
node should trust graph-propagated predictions rel-
ative to the graph-encoded base prediction, and
adaptively fuses the two MGVP predictions into
the final veracity distribution.

Given multimodal post features, a post graph, la-
beled training nodes, and noisy LLM pseudo-labels,
SSPC first calibrates propagation paths with LGR
(§ 3.2), then computes the graph-encoded base pre-
diction and the explicitly graph-propagated pre-
diction with MGVP (§ 3.3), and finally estimates
node-level propagation reliance with CPUG (§ 3.4)
to output each post’s veracity distribution.

Problem Formulation. Given a post graph G =
(V, E ,A) with N nodes, each node vi has a multi-
modal feature vector xi ∈ Rd. For labeled training
nodes vi ∈ VL, the ground-truth veracity label is
yi ∈ {0, 1}. For nodes with LLM pseudo-labels,
we denote the pseudo-label and confidence score
as ỹi ∈ {0, 1} and ci ∈ [0, 1]; if unavailable, we
set ỹi = −1 and ci = 0. The goal is to learn

fΘ : (X,G,YL, ỹ, c) 7→ pfinal, (1)

where pfinal
i ∈ [0, 1]2 is the final veracity distribu-

tion for node vi.

3.2 Veracity-aware Learnable Graph
Refinement (LGR)

To calibrate propagation when post relatedness
does not imply veracity consistency, we construct
LGR as a veracity-aware learnable graph refine-
ment that can adapt evidence routing to edge re-
liability. Rather than applying a fixed graph re-
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Figure 2: Overview of our method. (a) LGR: High-confidence LLM pseudo-label agreement and disagreement
are converted into learnable edge-refinement coefficients that strengthen or weaken propagation edges, yielding
the refined graph. (b) MGVP: MGVP computes a graph-encoded base prediction from post-level evidence and an
explicitly graph-propagated prediction via chain-style label propagation over the refined graph. (c) CPUG: CPUG
estimates per-node propagation reliance from base uncertainty, base-propagation disagreement, neighborhood
disagreement, and semantic conflict, and fuses the two predictions into the final veracity prediction.

finement rule, LGR learns how strongly each edge
should be adjusted from pseudo-label agreement,
disagreement, and confidence, enabling adaptive
propagation calibration across datasets and events.
The motivation is that a graph edge may indicate
shared images, similar events, or related propaga-
tion patterns, but such post relatedness does not
necessarily imply veracity consistency. Therefore,
LLM pseudo-labels should not be used as training
labels; instead, they are used to calibrate how graph
edges should support propagation.

Given the original graph G from § 3.1, we
first identify nodes with confidence-filtered LLM
pseudo-labels that can affect graph refinement:

mi = I[ỹi ̸= −1, ci ≥ τ ], (2)

where τ is the LLM confidence threshold. For
an edge (vj , vi) ∈ E with original weight aji, we
define two semantic edge indicators:

usame
ji = mjmi I[ỹj = ỹi], (3)

udiffji = mjmi I[ỹj ̸= ỹi]. (4)

Then, to avoid manually fixing the strengthening
and weakening factors, LGR learns a differentiable
edge-refinement coefficient from semantic consis-
tency and confidence:

ρji = (1− usame
ji − udiffji )

+ usame
ji (1 + softplus(sϕ(eji)))

+ udiffji sigmoid(dϕ(eji)),

(5)

where eji = [aji, cj , ci, u
same
ji , udiffji ] is the edge-

calibration feature, and sϕ(·) and dϕ(·) are learn-
able functions. The unnormalized refined weight is
then self-looped and incoming-normalized:

ãji = ajiρji, ãii = 1,

a′ji =
ãji∑

k∈N (i)∪{i} ãki
.

(6)

Thus, high-confidence edges with the same LLM
pseudo-label can be strengthened, high-confidence
edges with different LLM pseudo-labels can be
weakened, and other edges keep their original
unnormalized weights. The self-loop preserves
node-local evidence, while incoming normaliza-
tion keeps

∑
j∈N (i)∪{i} a

′
ji = 1 and limits degree-

driven dominance. The resulting LGR-refined
graph is denoted as G′ = (V, E ,A′) and is used by
MGVP for multimodal graph veracity prediction.

This learnable formulation keeps the conserva-
tive behavior of rule-based graph refinement while
avoiding fixed global coefficients. It lets the model
adjust how LLM pseudo-labels should affect graph-
based propagation under the task loss, which is
important because LLM confidence and pseudo-
label reliability vary across datasets and events.

3.3 Multimodal Graph Veracity Predictor
(MGVP)

To compare local content with propagated context,
we construct MGVP as a multimodal graph verac-
ity predictor that can produce comparable graph-
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encoded base predictions and explicitly graph-
propagated predictions. The motivation is that
some posts contain enough textual or visual cues
for local veracity prediction, while others need ev-
idence from related posts, such as supporting re-
ports, contradictions, or corrections. Therefore,
SSPC keeps both predictions and lets the propaga-
tion utility gate decide how much each node should
rely on propagation.

Specifically, MGVP first encodes multimodal
node features through graph convolution on the
LGR-refined graph:

H = fθ(X,G′), (7)

where hi denotes the hidden representation of node
vi. The graph-encoded base prediction is obtained
from the hidden representation:

pb
i = softmax(Wohi). (8)

Then, to incorporate inter-post context, MGVP ini-
tializes label propagation with p

lp,(0)
i = pb

i and
propagates predictions over G′ for T iterations:

αji =
a′jiψθ(hi,hj)∑

k∈N (i)∪{i} a
′
kiψθ(hi,hk)

,

p
lp,(t+1)
i = (1− λ)pb

i + λ
∑

j∈N (i)∪{i}
αjip

lp,(t)
j .

(9)
where ψθ(hi,hj) = sigmoid(MLPθ([hi;hj ])) ∈
(0, 1) is a scalar pairwise propagation coefficient
shared across classes, and λ ∈ [0, 1] controls prop-
agation strength. When ψθ = 1, the neighbor term
reduces to label propagation over A′; the learned
ψθ makes it reliability-aware message passing over
class-probability vectors. MGVP outputs

(pb
i ,p

lp
i ) = MGVP(xi,G′), (10)

where plp
i = p

lp,(T )
i .

Keeping both predictions is necessary because
propagation is not uniformly useful. The graph-
encoded base prediction pb is obtained from GCN
message passing on the refined graph before ex-
plicit propagation and thus already reflects local
neighborhood information, while the explicitly
graph-propagated prediction plp is initialized from
pb and updated through T label-propagation itera-
tions over the refined graph; the next module learns
when the propagation prediction should override or
complement the base prediction.

3.4 Cross-fitted Semantic-Structural
Propagation Utility Gate (CPUG)

To estimate how much each node should trust
propagation, we construct CPUG as a cross-fitted
semantic-structural propagation utility gate that can
learn node-specific reliance on graph-propagated
evidence. Instead of simply lowering propagation
weights for conflict nodes with a fixed rule after
prediction, CPUG integrates semantic-structural
conflict into both gate features and gate objective.

Given MGVP predictions (pb
i ,p

lp
i ), we first con-

struct utility supervision through cross-fitting. The
labeled training nodes are split into K folds:

VL =
K⋃

k=1

Vk, Vk ∩ Vk′ = ∅ (k ̸= k′). (11)

For each fold Vk, SSPC trains LGR and MGVP on
VL \ Vk and generates out-of-sample predictions
(pb

i ,p
lp
i ) for vi ∈ Vk. Propagation-utility label is

zi = I
[
CE(yi,p

lp
i ) +m < CE(yi,p

b
i)
]
, (12)

where m is a margin requiring propagation to be
meaningfully better than the base prediction.

Then, to represent each node for gate learning,
CPUG builds a semantic-structural utility feature.
The structural part contains base uncertainty, base-
propagation disagreement, and neighborhood dis-
agreement:

Hi = H(pb
i), (13)

Ji = JS(pb
i ,p

lp
i ), (14)

Di =
1

|N (i)|
∑

j∈N (i)

JS(plp
i ,p

lp
j ). (15)

The semantic-structural conflict part compares the
LLM pseudo-label with the propagation prediction:

ŷlpi = arg max
c∈{0,1}

plp
i,c, (16)

si = I[ỹi ̸= −1, ci ≥ τ ] ci |ỹi − ŷlpi |. (17)

The final gate feature is the four-dimensional vector

ri = [Hi, Ji, Di, si]. (18)

CPUG predicts the propagation gate by

gi = qω(ri), gi ∈ [0, 1]. (19)

Finally, to couple semantic-structural conflict
with propagation utility learning, CPUG optimizes

Lgate =
1

|VL|
∑

vi∈VL

[BCE(gi, zi) + γsigi] , (20)

29159



where γ controls the strength of conflict-aware gate
regularization. The first term learns whether prop-
agation improves held-out predictions, while the
second term discourages high propagation reliance
under semantic-structural conflict. If the LLM
pseudo-label is unavailable or low-confidence,
then si = 0 and CPUG falls back to structural
propagation-utility features.

The resulting gate controls the final prediction:

pfinal
i = (1− gi)p

b
i + gip

lp
i . (21)

This design turns semantic-structural conflict into
a learned utility signal instead of using a fixed rule
to reduce the gate after prediction.

3.5 Training Objective and Inference

To train the gate on predictions that match the infer-
ence setting, we train SSPC in three stages, which
first builds held-out propagation-utility labels, then
trains the gate, and finally retrains the predictor on
all labeled nodes.

Phase A: cross-fitted utility construction.
SSPC splits VL into K folds. For each fold, it
trains LGR and MGVP on VL \ Vk with the train-
ing objective

Lpred = Lbase + Llp + µLalign, (22)

where Lbase and Llp are cross-entropy losses for
pb and plp on labeled training nodes, respectively.
Lalign denotes the event-split alignment loss in-
herited from the FCN-LP backbone, and µ is
its weight. It aligns the feature distributions of
seen-event and unseen-event samples within each
class using MMD: Lalign = MMD(Xr

s , X
r
u) +

MMD(Xf
s , X

f
u ), where Xr

s /Xr
u are real-news

features from seen/unseen events, Xf
s /Xf

u are
fake-news features from seen/unseen events, and
MMD(P,Q) = ∥mean(P ) − mean(Q)∥22. The
trained fold model produces label-held-out predic-
tions, utility labels zi, and semantic-structural gate
features ri for the held-out fold. This controls gold-
label leakage in gate supervision while retaining
standard transductive access to node features, graph
edges, and LLM pseudo-labels.

Phase B: semantic-structural gate training.
After collecting all cross-fitted pairs (ri, zi), SSPC
trains CPUG with Lgate and freezes the gate pa-
rameters ω. Freezing CPUG keeps the gate learned
from cross-fitted utility targets and prevents it from
being optimized on final in-sample predictions.

Phase C: final MGVP training and inference.
SSPC retrains LGR and MGVP on all labeled
training nodes by minimizing Lpred. Under the
transductive evaluation graph, LGR first produces
G′, MGVP then obtains (pb

i ,p
lp
i ), and the frozen

CPUG computes gi from ri for inference. The
final prediction is pfinal

i = (1 − gi)p
b
i + gip

lp
i .

Throughout all stages, LLM pseudo-labels are used
only to refine propagation paths and gate features;
they are never treated as training labels. Appendix
Section B provides the full algorithm of SSPC.

4 Experiments

4.1 Experimental Setup

Datasets. We conduct experiments on three
widely used multimodal fake news detection
benchmarks: Twitter (Boididou et al., 2015),
PHEME (Zubiaga et al., 2017), and Weibo (Jin
et al., 2017). Twitter and PHEME are English-
language datasets collected from Twitter, while
Weibo is a Chinese dataset from Sina Weibo.
Following the standard splits adopted by label-
propagation-based multimodal fake news detection
methods (Zhao et al., 2023; Hu et al., 2025), we
report results on the official or commonly used
train/test partitions. Appendix Section C reports
the split statistics and class distributions.

Baselines. We compare SSPC against three
groups of baselines. The first group consists
of multimodal detectors without explicit label
propagation, including LLM (GPT-4o) (Hurst
et al., 2024), EANN (Wang et al., 2018), Spot-
Fake (Singhal et al., 2019), MVAE (Khattar et al.,
2019), SAFE (Zhou et al., 2020), MCAN (Wu
et al., 2021), HMCAN (Qian et al., 2021), and
FCN (Zhao et al., 2023). The second group con-
tains label-propagation-based variants built on HM-
CAN or CLIP (Radford et al., 2021) encoders.
The third group comprises LLM-assisted label-
propagation methods that directly incorporate LLM
pseudo-labels during propagation, including the
recent GLPN-LLM (Hu et al., 2025). All label-
propagation-based methods follow the same trans-
ductive protocol: test-node features may participate
in graph construction, and LLM-assisted methods
may additionally use test-node pseudo-labels for
propagation or calibration, but test labels are with-
held. Following the evaluation setting of GLPN-
LLM (Hu et al., 2025), GLPN-LLM was re-run
with its official code and evaluation protocol, while
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Method Twitter PHEME Weibo

Acc ↑ Prec ↑ Rec ↑ F1 ↑ Acc ↑ Prec ↑ Rec ↑ F1 ↑ Acc ↑ Prec ↑ Rec ↑ F1 ↑
LLM (GPT-4o) 75.39±3.32 75.66±3.44 80.92±2.83 78.20±5.66 74.38±6.68 78.66±5.31 75.16±4.32 76.87±5.65 80.86±3.11 82.16±2.86 81.33±3.66 81.75±2.95
EANN 71.53±0.91 71.38±1.23 63.82±2.11 68.91±1.58 70.17±0.79 71.28±1.32 67.36±2.17 69.10±1.83 79.18±0.76 80.31±1.23 78.52±0.32 79.44±2.13
SpotFake 77.16±1.57 75.32±1.14 87.83±0.63 85.14±0.07 81.37±2.38 79.53±2.27 81.22±2.43 79.43±0.75 86.39±2.51 86.12±0.53 87.17±2.63 83.22±1.41
MVAE 74.56±1.58 80.15±2.69 76.34±0.83 81.57±1.98 77.83±1.27 73.82±2.05 73.45±2.62 72.21±0.54 71.86±0.25 70.32±0.69 70.32±2.84 70.53±1.60
SAFE 76.66±3.00 76.32±1.94 75.41±2.12 76.37±2.85 81.25±1.34 79.22±2.76 79.11±1.45 79.69±2.67 84.91±2.12 83.81±1.58 82.19±1.16 83.01±1.70
MCAN 80.91±2.33 82.68±2.48 76.67±0.94 82.26±1.32 80.74±1.89 79.21±2.23 79.64±1.53 80.15±0.86 86.50±3.00 88.10±2.10 84.60±1.80 86.15±1.60
HMCAN 83.91±1.49 81.68±2.08 84.67±1.21 82.57±1.62 86.36±1.83 83.18±1.41 83.81±2.51 83.49±1.07 86.75±2.95 88.40±3.00 84.65±1.80 87.20±1.20
FCN 82.86±1.27 78.64±1.68 87.39±0.85 82.78±0.47 80.36±1.93 84.43±1.27 89.12±0.12 86.71±1.88 82.92±0.54 83.17±1.00 88.45±2.13 86.74±0.41

FCN-LP (HMCAN) 84.57±1.62 83.58±1.66 85.22±2.06 84.04±0.82 87.25±1.18 84.48±1.91 84.78±1.95 84.50±0.85 87.15±1.32 88.82±2.56 86.55±1.98 88.11±1.66
FCN-LP (CLIP) 85.32±2.56 81.52±2.82 89.32±0.99 85.24±1.93 84.68±0.81 86.32±1.55 89.85±1.22 87.97±0.88 84.47±1.66 88.41±0.26 91.18±0.69 89.78±0.84
FCN-LP (HMCAN) + LLM 85.30±1.88 84.70±2.25 86.30±2.53 85.10±0.98 87.35±1.37 84.55±2.76 85.85±2.19 84.60±1.28 87.55±1.94 89.30±2.85 88.60±2.39 88.75±1.97
FCN-LP (CLIP) + LLM 85.93±1.83 81.92±2.64 90.44±2.17 85.97±2.72 84.89±2.81 87.80±2.36 90.55±2.28 89.21±2.59 84.88±2.78 88.55±2.43 91.68±1.95 89.85±2.67

GLPN-LLM (HMCAN) 84.24±1.37 84.77±0.81 86.77±2.06 84.13±0.79 87.40±0.44 85.26±1.03 86.00±0.97 83.17±1.41 88.99±1.18 88.18±0.19 90.54±0.24 90.70±0.11
GLPN-LLM (CLIP) 85.65±2.11 82.04±2.68 90.78±2.47 86.13±2.36 85.82±2.14 87.39±2.51 90.15±2.83 86.68±2.09 85.29±1.57 88.82±0.73 91.88±0.79 90.55±0.58

SSPC (HMCAN) 85.21±1.17 86.79±1.62 90.07±1.90 86.66±0.53 89.68±0.16 88.27±0.15 87.63±0.05 87.74±0.36 90.54±0.46 87.51±0.33 94.67±0.37 91.59±0.41
SSPC (CLIP) 86.43±2.54 83.53±2.98 98.23±0.94 88.50±1.56 87.46±0.39 91.40±0.31 90.97±0.70 91.18±0.31 86.83±0.57 89.32±1.37 94.08±1.31 91.64±0.30

Table 1: Overall performance comparison on three benchmark datasets. Best results are bold and second-best are
underlined. All values are percentages (%), and each metric is averaged independently over five random seeds. Our
improvements over the strongest CLIP-based LLM-assisted baseline are statistically significant under the paired
two-tailed t-test (p < 0.05; Appendix Section K).

Variant Twitter PHEME Weibo

Acc ↑ Prec ↑ Rec ↑ F1 ↑ Acc ↑ Prec ↑ Rec ↑ F1 ↑ Acc ↑ Prec ↑ Rec ↑ F1 ↑
SSPC 86.43±2.54 83.53±2.98 98.23±0.94 88.50±1.56 87.46±0.39 91.40±0.31 90.97±0.70 91.18±0.31 86.83±0.57 89.32±1.37 94.08±1.31 91.64±0.30
w/o CPUG 82.58±2.74 80.44±3.46 98.07±3.20 86.54±1.85 84.98±0.22 89.20±1.00 89.81±1.47 89.50±0.19 85.41±0.78 88.18±1.78 93.50±1.90 90.77±0.38
w/o LGR 82.29±1.96 79.49±1.72 95.54±2.36 85.57±1.51 83.33±0.62 86.53±1.35 90.74±1.47 88.59±0.25 85.21±3.66 87.47±3.99 92.32±1.65 89.30±1.77
w/o SCGC 83.50±3.22 80.58±3.32 96.68±0.80 87.38±2.22 83.99±0.41 87.81±0.34 90.05±0.26 88.91±0.25 84.96±3.88 86.21±2.27 92.71±1.65 90.71±1.88

Table 2: Ablation study on three benchmark datasets. Each variant removes one core SSPC component (CLIP
encoder). All values are percentages (%).

the other baseline results are cited from the com-
parison table of the GLPN-LLM paper. Appendix
Section D gives the baseline details.

Evaluation Metrics. We report Accuracy, Pre-
cision, Recall, and F1. All values are percent-
ages (%). Main comparison results are reported
as mean and standard deviation over five random
seeds. F1 is macro-averaged over the fake and real
news classes, following standard practice in fake
news detection (Hu et al., 2025). Implementation
details are given in Appendix Section E, and the
LLM pseudo-label prompt template is provided in
Appendix Section T.

(a) Naive (b)  w/o LGR (c) Ours

Figure 3: UMAP projections of PHEME test-set embed-
dings. (a) MLP without graph (Sil.= 0.294); (b) MGVP
on original graph G without LGR (Sil.= 0.389);
(c) MGVP on LGR-refined graph G′ (Sil.= 0.560).
LGR calibration substantially reduces class overlap and
tightens intra-class clusters.

4.2 Overall Evaluation

Table 1 compares SSPC with multimodal, label-
propagation, and LLM-assisted baselines on three
benchmarks, where SSPC achieves the best re-
sult on all 12 dataset–metric pairs when the HM-
CAN and CLIP variants are considered together.
Against the strongest non-SSPC baseline, SSPC im-
proves F1 by 2.37, 1.97, and 0.94 points on Twitter,
PHEME, and Weibo, with the largest metric gains
on Twitter Recall (+7.45) and PHEME Precision
(+3.60). The only marginal gain is Weibo Preci-
sion (+0.02), where strong LLM-assisted baselines
are already highly precise; however, SSPC still
improves Weibo Recall (+2.20) and F1 (+0.94),
indicating broader veracity coverage without sacri-
ficing precision. These results support using LLM
pseudo-labels as calibration signals rather than di-
rect propagation labels; statistical significance tests
are reported in Appendix Section K, pseudo-label
quality and robustness analyses in Appendix Sec-
tions F and L, and stricter inductive protocols in
Appendix Section N. Appendix Sections Q and R
further diagnose the learned edge-weight distribu-
tion and veracity awareness of LGR.

4.3 Ablation Study

To demonstrate the effectiveness of each SSPC
component, we conduct an ablation study with
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(c) Weibo

Figure 4: Accuracy surfaces over margin m and coupling weight γ on Twitter, PHEME, and Weibo. Surfaces are
flat over a broad central region, indicating robustness to the joint choice of (m, γ).
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Figure 5: Accuracy versus LLM confidence threshold
τ across three datasets. A moderate threshold balances
pseudo-label quality and coverage; very low values ad-
mit noisy signals, while very high values deplete useful
calibration pairs.

three variants: w/o LGR: the variant with-
out Veracity-aware Learnable Graph Refinement
(§ 3.2); w/o CPUG: the variant without Cross-
fitted Semantic-Structural Propagation Utility Gate
(§ 3.4); w/o SCGC: the variant without semantic-
structural conflict guidance in CPUG (§ 3.4).

As shown in Table 2, each module is essential
and cannot be removed without performance degra-
dation. Specifically, removing LGR causes the
largest F1 drops, indicating that veracity-aware
edge calibration is crucial for reliable propagation.
Removing CPUG also degrades performance, con-
firming the importance of node-level propagation
control, while w/o SCGC shows that semantic-
structural conflict guidance helps the gate avoid
misleading neighborhoods. Appendix Section M
isolates the contribution of this cross-fitted gate pro-
tocol against in-sample and no-gate alternatives.

Text
BREAKING Sydney hostage situation is over
NSWPolice say. #Charlie Hebdo

Ground Truth: Fake
Probability Credibility

Text
Police convoy and helicopters are rushing to scene to
detain Charlie Hebdo massacre suspects. #Charlie Hebdo

Ground Truth: Real
Probability Credibility

Figure 6: Case study on two PHEME posts. FCN-LP
and GLPN-LLM fail in both cases, while SSPC predicts
the correct fake/real labels by calibrating edge reliability
and propagation reliance.

4.4 LGR Graph Refinement Effectiveness:
UMAP Visualization

Figure 3 visualizes why LGR helps: local predic-
tion and original-graph propagation leave PHEME
embeddings mixed (Sil.= 0.294/0.389), whereas
the LGR-refined graph yields clearer separa-
tion (Sil.= 0.560), indicating substantially more
veracity-coherent propagation.

4.5 Hyperparameter Sensitivity Analysis

Figures 4 and 5 show that SSPC is stable under
moderate choices of the marginm, coupling weight
γ, and LLM confidence threshold τ . Accuracy re-
mains flat in broad central regions, while extreme
settings either introduce noisy utility or pseudo-
label supervision or leave too little calibration sig-
nal; we therefore use τ = 0.7 and report additional
sweeps, runtime, and complexity in Appendix Sec-
tions J, O, and P.

4.6 Case Study

Figure 6 shows two PHEME cases where FCN-
LP and GLPN-LLM are pulled to the wrong la-
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bel, while SSPC predicts the ground truth with
Pfake = 0.73 and Preal = 0.92. These qualitative
examples suggest that edge calibration and node-
level propagation control can reduce misleading
propagation in mixed-veracity neighborhoods.

5 Conclusion

In summary, we proposed SSPC for multimodal
fake news detection. SSPC uses LLM pseudo-
labels as weak calibration signals rather than direct
labels, refining graph edges with LGR and estimat-
ing node-level propagation reliance with CPUG.
Experiments on Twitter, PHEME, and Weibo show
that SSPC achieves SOTA performance under both
HMCAN and CLIP encoders. The ablation, case,
and homophily analyses further indicate that cali-
brating both edge reliability and node-level propa-
gation strength helps reduce misleading propaga-
tion in mixed-veracity neighborhoods.

Limitations

Like existing graph-based label-propagation meth-
ods for multimodal fake news detection, SSPC
is evaluated under a transductive graph setting
where the post graph is available during inference.
This setting follows prior work, but streaming de-
ployment would require feature extraction, LLM
pseudo-label generation when semantic calibration
is used, and incremental graph construction or peri-
odic graph updates.

SSPC depends on LLM pseudo-labels as weak
calibration signals. Confidence filtering and gate
learning reduce sensitivity to pseudo-label noise,
but future work can combine multiple LLMs, re-
trieval evidence, or human-verified signals for more
reliable calibration. CPUG introduces extra cross-
fitting cost during training, although the learned
gate is frozen and lightweight at inference time.
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A Appendix Overview

This appendix supports the main paper from three
perspectives: reproducibility, mechanism valida-
tion, and claim scoping. Section B gives the SSPC
training and inference procedure. Sections C–E
document datasets, baselines, and implementation
settings. Sections F–N examine pseudo-label qual-
ity, case and conflict diagnostics, the additional
PHEME case study in Section H, sensitivity anal-
yses, statistical significance, pseudo-label robust-
ness, cross-fitting, and stricter inductive diagnostics
under restricted test-time information access. Sec-
tions O–R discuss detector-side cost and LGR edge-
weight diagnostics, and Section S gives reduced-
order mechanism analysis. Sections T–W report
the prompt template, ethics statement, artifact li-
cense, and AI-assistant disclosure.

B Algorithm of SSPC

Algorithm 1 summarizes the full SSPC procedure.
The training process contains three stages. First,
SSPC obtains out-of-sample base and propagation
predictions through cross-fitting, where LGR and
MGVP are trained inside each fold. Second, CPUG
is trained from semantic-structural gate features
and propagation-utility labels. Third, LGR and
MGVP are retrained on all labeled nodes, and the
frozen CPUG produces the final propagation gate
at inference time.

C Dataset Details

We evaluate SSPC on three public multimodal fake
news datasets. Twitter (Boididou et al., 2015) is an
English dataset from the MediaEval Verifying Mul-
timedia Use benchmark. PHEME (Zubiaga et al.,
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Algorithm 1 Training and Inference Procedure of
SSPC
Require: Graph G = (V, E ,A), node features X, training

labels YL, LLM pseudo-labels ỹ, confidence scores c,
folds K, confidence threshold τ , margin m, gate regular-
ization weight γ

1: Split labeled training nodes VL into K disjoint folds.
2: for each fold Vk do
3: Train learnable LGR and MGVP on VL \ Vk.
4: Generate out-of-sample predictions (pb

i ,p
lp
i ) for vi ∈

Vk.
5: Build utility labels zi by comparing held-out base and

propagation losses.
6: Build semantic-structural gate features ri =

[Hi, Ji, Di, si].
7: end for
8: Train CPUG on {(ri, zi)} with Lgate = BCE(gi, zi) +

γsigi and freeze it.
9: Retrain learnable LGR and MGVP with all labeled train-

ing nodes.
10: At inference on the evaluation graph, use LGR to obtain

G′ and MGVP to obtain (pb
i ,p

lp
i ).

11: Compute ri = [Hi, Ji, Di, si] and gate value gi =
CPUG(ri).

12: Return pfinal
i = (1− gi)p

b
i + gip

lp
i .

Dataset Split Total Real Fake Real% Fake%

Twitter Train 13,366 5,819 7,547 43.5 56.5
Test 1,091 468 623 42.9 57.1

PHEME Train 1,412 996 416 70.5 29.5
Test 606 432 174 71.3 28.7

Weibo Train 4,140 3,345 795 80.8 19.2
Test 1,124 862 262 76.7 23.3

Table 3: Dataset split statistics and class distributions.

2017) is an English rumor-detection dataset col-
lected from five breaking-news events. Weibo (Jin
et al., 2017) is a Chinese multimodal dataset from
Sina Weibo, where fake news items are verified
by the platform’s rumor-debunking system. Fol-
lowing prior label-propagation-based multimodal
fake news detection protocols (Zhao et al., 2023;
Hu et al., 2025), all methods use the same train/test
partitions and the same standard transductive graph
setting: test-node features may participate in graph
construction, and LLM-assisted methods addition-
ally use test-node pseudo-labels for propagation
or edge calibration, but test labels are never used
during training, calibration, or model selection.

D Baseline Details

We organize baselines into three groups, matching
the experimental setup in the main paper.

Multimodal detectors without explicit label
propagation. LLM (GPT-4o) (Hurst et al., 2024)
directly predicts the veracity label from the post

input without task-specific training. EANN (Wang
et al., 2018) learns event-invariant multimodal fea-
tures with adversarial event discrimination. Spot-
Fake (Singhal et al., 2019) combines pretrained
textual and visual encoders for binary veracity clas-
sification. MVAE (Khattar et al., 2019) learns a
shared multimodal latent representation with a vari-
ational autoencoder. SAFE (Zhou et al., 2020) uses
cross-modal semantic similarity between image-
text evidence. MCAN (Wu et al., 2021) models
image-text interactions with co-attention. HM-
CAN (Qian et al., 2021) uses hierarchical contex-
tual attention and is a strong multimodal encoder
for subsequent label-propagation-based methods.
FCN (Zhao et al., 2023) constructs a cross-modal
tweet graph and uses graph convolution for node-
level fake news prediction.

Label-propagation-based methods. The label-
propagation-based baselines extend graph-based
multimodal detectors by propagating labels or pre-
dictions over the cross-modal tweet graph (Zhao
et al., 2023). We report FCN-LP (HMCAN) and
FCN-LP (CLIP) to separate the influence of graph-
based propagation from the influence of the multi-
modal encoder.

LLM-assisted label-propagation methods.
This group augments label propagation with
LLM pseudo-labels. Direct variants are denoted
as FCN-LP (HMCAN) + LLM and FCN-LP
(CLIP) + LLM, which directly use LLM pseudo-
labels during label propagation. GLPN-LLM (Hu
et al., 2025) uses LLM pseudo-labels with a
global propagation design. SSPC differs from
this group by using LLM pseudo-labels as weak
propagation-calibration signals rather than as
training labels.

All F1 values are macro-averaged over the fake
and real news classes, and each metric is computed
per run before seed aggregation, so the reported
mean F1 is the average of run-level F1 scores rather
than being recomputed from the reported mean Pre-
cision and mean Recall. For the baselines in Ta-
ble 1, GLPN-LLM was re-run using its official code
and evaluation protocol, while the remaining base-
line results — in particular, the Precision/Recall/F1
values of SpotFake and MVAE — are cited from
the comparison table of the GLPN-LLM paper.
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E Implementation Details

SSPC is implemented in PyTorch and PyTorch Ge-
ometric. The backbone follows the FCN-LP im-
plementation: node features are loaded from pre-
computed multimodal tweet embeddings, graph
edges are loaded from the cross-modal tweet graph,
and the graph model contains three GCN layers
with hidden dimension 64. We use AdamW with
learning rate 1× 10−4 and weight decay 5× 10−4.
Unless otherwise specified, the number of label-
propagation iterations is 2, dropout is 0.84, and the
maximum number of training epochs is 6000. Main
comparison results are averaged over five random
seeds; auxiliary sensitivity and mechanism analy-
ses follow the configurations specified in their cor-
responding sections. We performed a grid search
and chose the best hyper-parameters; test labels
were never used for hyperparameter selection.

Encoder and calibration setup. SSPC is evalu-
ated with both HMCAN and CLIP encoders; CLIP
serves as the default for ablation studies. LLM
pseudo-labels are generated by GPT-4o and used
exclusively as weak propagation-calibration sig-
nals, not as training supervision. LGR learns edge
weights from high-confidence pseudo-label agree-
ment and disagreement, while CPUG estimates
node-level propagation reliance from cross-fitted
predictions, structural uncertainty, and semantic-
structural conflict.

CPUG settings. CPUG uses 5-fold cross-fitting.
For each held-out fold, the utility label is positive
only when the propagation prediction improves
over the base prediction by margin m = 0.1. The
propagation gate is a two-layer MLP with dimen-
sions 4 → 16 → 1, ReLU activation, and sig-
moid output. It is trained for 2000 epochs with
the conflict-coupled gate objective and then frozen.
The default gate regularization weight is γ = 0.1.

LGR settings. LGR uses τ = 0.7 as the de-
fault LLM confidence threshold, which is exam-
ined in the threshold sensitivity analysis. For each
edge, it builds semantic edge indicators from high-
confidence pseudo-label agreement or disagree-
ment and learns a differentiable edge-refinement
coefficient. Edges without high-confidence LLM
pseudo-label pairs are left unchanged.

Propagation details. For LGR, the same-pseudo-
label coefficient is unbounded before normaliza-
tion, but the incoming-normalized weights remain

Dataset Test Nodes LLM Pseudo-labels All Acc. High-conf. Acc.

Twitter 1,091 1,091 75.39 82.40
PHEME 606 606 74.38 79.40
Weibo 1,124 1,124 80.86 85.00

Table 4: LLM pseudo-label availability and accuracy.
High-confidence denotes the highest-confidence Top-k
samples.

a distribution over each node’s incoming edges,
and the self-loop preserves node-local evidence.
We empirically inspect learned refinement ratios in
Section Q. For MGVP, we use a fixed small number
of propagation steps (T = 2 by default) for local
smoothing rather than convergence to a steady state.
The propagation weights αji are normalized over
the incoming neighbors of target node vi; for undi-
rected graphs, edges are treated symmetrically, and
isolated nodes rely on the self-loop. For CPUG,
the main experiments use the default (m, γ) setting
specified above, while the sensitivity study shows
robustness around this default rather than claiming
a globally optimal configuration for every dataset.

Semantic-structural conflict coupling settings.
The semantic-structural conflict score is computed
only for nodes with available high-confidence LLM
pseudo-labels. It is used as the fourth CPUG fea-
ture and as the conflict-aware regularization term
γsigi in Lgate. Therefore, semantic-structural con-
flict is learned as part of the propagation utility gate
rather than applied as a separate fixed calibration
step after prediction.

F LLM Pseudo-label Quality

Table 4 reports the quality of the LLM pseudo-
labels used in this study. The pseudo-labels are
noisy across datasets, and the highest-confidence
Top-k subset is more reliable than the full pseudo-
label set in these diagnostics. However, LLM
pseudo-label quality remains uneven and imper-
fect across datasets. This observation motivates the
conservative design of SSPC: pseudo-labels are not
treated as task labels, and their role is limited to
learned, local propagation calibration rather than
direct supervision.

The dataset-level variation also explains why
SSPC applies LLM pseudo-labels conservatively.
LGR modifies existing graph edges and only when
both endpoints have high-confidence pseudo-labels.
CPUG uses disagreement between the pseudo-
label and the propagation prediction as a semantic-
structural conflict feature and a gate regularization
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signal, rather than using pseudo-label agreement as
positive class supervision. This design is intended
to limit the influence of pseudo-label errors on the
detector’s post-level content evidence.

G Additional Ablation Protocols

The main paper reports the removal of LGR, CPUG,
and semantic-structural conflict coupling. We fur-
ther clarify how these variants are constructed.

w/o LGR. This variant disables Veracity-aware
Learnable Graph Refinement and keeps original
graph edge weights. CPUG is unchanged. It tests
whether learning LGR-refined graph is necessary.

w/o CPUG. This variant removes the learned
propagation utility gate and therefore cannot es-
timate whether propagation benefits each node. It
tests whether node-level propagation utility is nec-
essary beyond graph refinement.

w/o SCGC. This variant removes the semantic-
structural conflict feature si from CPUG and dis-
ables the γsigi regularization term. It tests whether
semantic-structural conflict should affect node-
level propagation strength.

Confidence-threshold sensitivity. For
threshold sensitivity, we sweep τ over
{0.5, 0.6, 0.7, 0.8, 0.9} because the confidence
scores are dataset-dependent. A lower τ increases
coverage but may introduce noisy graph edge
updates, while a higher τ makes both LGR
and semantic-structural conflict coupling more
conservative. This sweep supports using τ = 0.7
as a default in the main experiments, rather than
treating it as a calibrated confidence boundary.

Gate-regularization sensitivity. For
gate regularization, we sweep γ over
{0.0, 0.05, 0.1, 0.3, 0.5}. Larger γ more strongly
discourages propagation under semantic-structural
conflict. The default γ = 0.1 balances conflict
avoidance and propagation utility.

H Additional Case Study

Figure 7 provides two additional PHEME cases
where the label-propagation baselines are pulled
toward the wrong veracity label, while SSPC pre-
dicts the ground truth. In the OTTAWASHOOTING

case, the ground-truth label is fake, but FCN-LP
and GLPN-LLM assign higher real-news probabil-
ities (Preal = 0.62 and Preal = 0.54, respectively).

Text
The violence of OttawaShooting has left a city on edge
After the chaos here what we know. #Ottawa Shooting

Ground Truth: Fake
Probability Credibility

Text
DEVELOPING CharlieHebdo shooting suspects holed up
in premises of construction company. #Charlie Hebdo

Ground Truth: Real
Probability Credibility

Figure 7: Additional PHEME cases from OttawaShoot-
ing and CharlieHebdo. FCN-LP and GLPN-LLM make
the wrong veracity prediction in both cases, while SSPC
predicts the ground-truth label by calibrating edge relia-
bility via LGR and propagation reliance via CPUG.

SSPC instead predicts fake with Pfake = 0.88. In
the CHARLIEHEBDO case, the ground-truth la-
bel is real, but FCN-LP and GLPN-LLM incor-
rectly favor fake (Pfake = 0.76 and Pfake = 0.55,
respectively), whereas SSPC predicts real with
Preal = 0.91.

These examples are qualitative mechanism diag-
nostics rather than evidence of universal robustness.
They illustrate the intended behavior of SSPC in
neighborhoods where semantically related posts
can carry conflicting veracity signals: LGR reduces
misleading propagation across unreliable edges,
and CPUG lowers propagation reliance when lo-
cal semantic-structural evidence is conflicted. This
keeps the case analysis aligned with the main claim
that SSPC uses noisy pseudo-labels as conservative
calibration signals, not as direct supervision.

I Semantic-Structural Conflict Analysis

We test whether semantic-structural conflict is em-
pirically present by measuring node-level label ho-
mophily. For each non-isolated node vi, we com-
pute hi = |{j ∈ N (i) : yj = yi}|/|N (i)| under
three edge sets: all graph edges E , same-image
edges with CLIP image-embedding cosine simi-
larity above 0.8, and same-event edges with text-
embedding cosine similarity above 0.7. We com-
pare these distributions with a per-dataset random
baseline obtained by shuffling labels 100 times.

Figure 8 shows that homophily on Twitter,
PHEME, and Weibo is consistently above random
but far from perfectly veracity-consistent. Even
image-similar and event-similar neighborhoods
contain a long tail of mixed-veracity nodes, indicat-
ing that graph edges encode post relatedness rather
than reliable label agreement. This analysis sup-
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Figure 8: Node-level homophily hi under three edge
types, with per-dataset random-label baselines. Ho-
mophily is above random but remains far from perfect
veracity consistency across datasets and edge types.

ports SSPC’s propagation calibration: LGR refines
noisy edges using high-confidence pseudo-label
agreement, while CPUG reduces graph reliance for
nodes with unreliable neighborhoods. It is also
consistent with Table 2, where removing LGR pro-
duces the largest mean F1 degradation across the
three datasets; the homophily and UMAP analyses
provide complementary mechanism-level evidence
for why edge calibration improves propagation.

J Additional Hyperparameter Sensitivity
Analysis

We complement the main hyperparameter analy-
sis with the cross-fitting fold number K, the label-
propagation iteration number T , and the CPUG hid-
den dimension dg, which control gate-supervision
granularity, propagation depth, and gate capacity,
respectively. These sweeps use the CLIP encoder,
report accuracy on all three datasets, and keep other
hyperparameters at their defaults.

Joint Sensitivity of K and T . We jointly vary
K and T around the default K=5, T=2: small K
leaves fewer labeled nodes per fold model while
large K raises cost and shrinks each held-out fold,
and too few T iterations underuse graph context
while too many over-smooth or carry errors through
mixed-veracity neighborhoods.

Figure 9 shows that accuracy does not improve
monotonically with more folds or deeper propa-
gation: PHEME and Weibo peak at the default
K=5, T=2, while Twitter peaks at K=7, T=3
(Best Acc.= 0.8781). Competitive regions concen-
trate around moderate settings, and the best (K,T )

pair is dataset-dependent, supporting a single cross-
dataset default with dataset-specific tuning as an
option.

Sensitivity to CPUG Hidden Dimension dg. We
vary the hidden dimension dg of the CPUG MLP
with fixed input features ri = [Hi, Ji, Di, si].
Since utility labels are cross-fitted and noisy, a
very small dg may underfit interactions among the
four features, while an overly large one may overfit
fold-specific labels.

Figure 10 shows the default dg=16 is compact
and competitive: larger hidden dimensions are
not consistently beneficial, and dataset trends are
uneven (PHEME and Weibo remain competitive
around moderate sizes while Twitter is more sensi-
tive to over-capacity). This supports a small default
gate with capacity as a dataset-dependent choice.

K Statistical Significance Tests (T-test)

To test whether the gains of SSPC (CLIP) over
the strongest CLIP-based LLM-assisted label-
propagation baseline are stable across random
seeds, we conduct paired two-tailed t-tests (Koehn,
2004) on Accuracy, Precision, Recall, and F1
across all three benchmarks. The CLIP baseline is
selected by F1 in Table 1: GLPN-LLM (CLIP) on
Twitter and Weibo, and FCN-LP (CLIP) + LLM
on PHEME. Each pair compares the same five ran-
dom seeds for SSPC and the selected baseline. The
null hypothesis is that SSPC and the correspond-
ing baseline have equal expected performance; we
reject it at significance level α = 0.05.

As shown in Table 5, SSPC (CLIP) achieves con-
sistently higher Accuracy, Precision, Recall, and
F1 than the strongest CLIP-based LLM-assisted
baseline across all three benchmarks, with p-values
below 0.05 in all cases. Under the paired two-tailed
t-test, these results indicate statistically significant
improvements and make seed variation alone an un-
likely explanation for the observed gains. Since the
main comparison is primarily framed around F1,
the F1 test remains the core significance evidence,
while Accuracy, Precision, and Recall provide sup-
porting metric-level evidence.

L Pseudo-label Robustness Analysis

Because LLM pseudo-label quality is uneven
across datasets (Section F), we test SSPC’s robust-
ness from two complementary views: perturbing
the original pseudo-labels and measuring whether
pseudo-label agreement is more reliable at the edge
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Figure 9: Joint sensitivity of SSPC to cross-fitting fold number K and label-propagation iteration number T .
Accuracy is visualized over the (K,T ) grid for Twitter, PHEME, and Weibo, with the default configuration K=5,
T=2 indicated.

Dataset CLIP Baseline Acc. Prec. Rec. F1

Baseline SSPC ∆Acc. / pAcc. Baseline SSPC ∆Prec. / pPrec. Baseline SSPC ∆Rec. / pRec. Baseline SSPC ∆F1 / pF1

Twitter GLPN-LLM (CLIP) 85.65±2.11 86.43±2.54 +0.78 / 3.04×10−2 82.04±2.68 83.53±2.98 +1.49 / 4.11×10−2 90.78±2.47 98.23±0.94 +7.45 / 1.84×10−2 86.13±2.36 88.50±1.56 +2.37 / 3.82×10−2

PHEME FCN-LP (CLIP) + LLM 84.89±2.81 87.46±0.39 +2.57 / 3.96×10−2 87.80±2.36 91.40±0.31 +3.60 / 2.88×10−2 90.55±2.28 90.97±0.70 +0.42 / 4.73×10−2 89.21±2.59 91.18±0.31 +1.97 / 2.60×10−2

Weibo GLPN-LLM (CLIP) 85.29±1.57 86.83±0.57 +1.54 / 3.58×10−2 88.82±0.73 89.32±1.37 +0.50 / 4.62×10−2 91.88±0.79 94.08±1.31 +2.20 / 2.91×10−2 90.55±0.58 91.64±0.30 +1.09 / 2.73×10−2

Table 5: Statistical significance test (paired two-tailed t-test) comparing SSPC (CLIP) against the strongest CLIP-
based LLM-assisted LP baseline over five random seeds. Absolute scores are mean±standard deviation from
Table 1, and ∆ values are mean improvements in percentage points. p < 0.05 indicates a statistically significant
improvement.
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Figure 10: Sensitivity of SSPC to the CPUG hidden
dimension dg. The default gate uses a two-layer MLP
with dimensions 4→16→1.

level than at the node level. All variants use the
CLIP encoder and the same partitions as the main
evaluation; these are diagnostics rather than multi-
seed significance claims.

Perturbing pseudo-label structure. We ran-
domly flip a fraction ρ ∈ {0.0, 0.25, 0.50, 1.0} of
pseudo-labels while keeping confidence scores un-
changed (ρ=0.0 is the original setting, ρ=0.50 ran-
domizes agreement and disagreement in expecta-
tion, and ρ=1.0 flips every pseudo-label), isolating
the value of pseudo-label agreement from that of
simply attaching confidence-weighted binary at-
tributes.

Table 6 shows dataset-dependent sensitivity to

corruption. Relative to ρ=0.00, Twitter F1 drops
by 1.03–1.11pp across corruption levels, PHEME
falls most at ρ=1.00 (−2.80pp), and Weibo is sta-
ble under moderate corruption (−0.34pp at ρ=0.25,
−0.42pp at ρ=0.50) but deteriorates sharply at
ρ=1.00 (−12.60pp F1). SSPC thus tolerates mod-
erate pseudo-label noise, while severe corruption
exposes dataset-dependent sensitivity.

Edge-level agreement quality. LGR uses
pseudo-labels through pairwise agreement and
disagreement on high-confidence edges rather
than as direct node labels, so we measure whether
pseudo-label relations match ground-truth veracity
relations (same label when veracity labels agree,
different otherwise), against an independent-error
baseline acc2 + (1− acc)2.

Table 7 shows that overall edge-level relation
accuracy exceeds both node-level pseudo-label ac-
curacy and the independent-error baseline on all
three datasets; gains over the baseline are +14.75pp,
+30.13pp, and +25.50pp on Twitter, PHEME, and
Weibo, and gains over node-level accuracy are
+3.34pp, +18.03pp, and +15.00pp. These high
scores come mainly from agreement edges, with
weak or undefined disagreement accuracy. This
supports the narrower conclusion that LGR ex-
ploits pairwise relation structure, not that node-
level pseudo-labels are fully reliable or that agree-
ment and disagreement cues are equally reliable.
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ρ
Twitter PHEME Weibo

Acc. Prec. Rec. F1 Acc. Prec. Rec. F1 Acc. Prec. Rec. F1

0.00 86.43 83.53 98.23 88.50 87.46 91.40 90.97 91.18 86.83 89.32 94.08 91.64
0.25 84.88 83.00 92.46 87.47 83.99 86.02 92.59 89.19 86.39 89.52 93.16 91.30
0.50 85.06 83.92 91.33 87.47 83.99 85.26 93.75 89.31 86.30 89.69 92.81 91.22
1.00 84.76 82.87 91.20 87.39 82.34 83.23 94.21 88.38 67.26 77.63 80.51 79.04

Table 6: Effect of pseudo-label corruption rate ρ. Higher ρ indicates stronger corruption of the original LLM
pseudo-labels while confidence scores are fixed. Values are percentages (%).

Dataset HC Edges Agree Acc. Disagree Acc. Overall PL Node Acc. Indep.

Twitter 9,646 99.97 0.00 85.74 82.40 70.99
PHEME 389 99.47 20.00 97.43 79.40 67.30
Weibo 856 100.00 – 100.00 85.00 74.50

Table 7: Edge-level pseudo-label relation accuracy
on high-confidence edges. Values are percent-
ages. “Overall” measures whether pseudo-label agree-
ment/disagreement matches ground-truth veracity agree-
ment/disagreement. “PL Node Acc.” is the node-level
accuracy of high-confidence pseudo-labels. “Indep.” is
the independent-error baseline. “–” indicates that no
high-confidence disagreement edges are available, so
disagreement accuracy is undefined.

M Cross-fitting Ablation

Cross-fitting is a core design choice in CPUG be-
cause it computes propagation-utility labels from
held-out predictions instead of predictions on nodes
used for supervised training. To isolate this label-
held-out protocol from the gate mechanism itself,
we compare three gate training protocols:
• SSPC (cross-fitted): the default CPUG with
K=5-fold cross-fitting.

• In-sample gate: the gate is trained using utility
labels derived from in-sample predictions (base
and propagation predictors trained on all labeled
nodes, then evaluated on those same nodes).

• No gate / w/o CPUG: the learned gate is re-
moved and propagation is applied uniformly to
all nodes, matching the w/o CPUG variant in
Table 2.
All variants use the CLIP encoder and LGR-

refined graph. Values are percentages averaged
over five random seeds. The Cross-fitted (SSPC)
and No gate / w/o CPUG rows are aligned with
the corresponding rows in Table 2.

Table 8 shows that the default cross-fitted gate
gives the strongest displayed mean on every metric
in this ablation. It improves F1 over in-sample gate
training by 2.74pp on Twitter, 2.35pp on PHEME,
and 0.38pp on Weibo. Compared with remov-
ing CPUG, the cross-fitted gate improves F1 by

1.96pp, 1.68pp, and 0.87pp, respectively, matching
the component-level conclusion in Table 2. The
largest gains appear on Twitter and PHEME, while
Weibo shows a smaller but consistent advantage.
We therefore interpret this ablation as evidence
that cross-fitting provides label-held-out utility la-
bels and useful gate supervision, while treating the
smaller Weibo margin as a dataset-level limitation.

N Strict Inductive Evaluation

We further restrict test-time information beyond the
standard transductive setting to diagnose whether
SSPC’s performance is explained by transductive
access to test nodes, test-time pseudo-labels, or
test-graph calibration. In the Fully Inductive Node
setting, test nodes are isolated unseen nodes with
no message passing, label propagation, or graph
calibration; in the No Test PL / No Test Graph Cali-
bration setting, graph connectivity is preserved but
test-node pseudo-labels and any LGR/test-graph
calibration over test nodes are disabled.

Table 9 shows the two restricted protocols give
very similar F1 within each dataset (80.26/80.29
on Twitter, 89.74/89.85 on PHEME, 90.62/90.66
on Weibo), so the results are not primarily ex-
plained by test-time pseudo-label leakage or test-
graph calibration. Compared with the standard set-
ting, PHEME and Weibo remain close to their stan-
dard F1 scores, whereas Twitter drops substantially
(from 88.50, Table 1), indicating Twitter depends
more on graph context or transductive information.
This supports interpreting the experiment as diag-
nostic evidence against test pseudo-label leakage
being the sole explanation, not as evidence that
strict inductive inference is uniformly lossless.

O Runtime and Memory Analysis

Table 10 compares detector-side training time, per-
epoch time, inference latency, and peak GPU mem-
ory for SSPC, FCN-LP, and GLPN-LLM (five-
seed averages, CLIP encoder, single RTX 4090
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Gate Protocol Twitter PHEME Weibo

Acc ↑ Prec ↑ Rec ↑ F1 ↑ Acc ↑ Prec ↑ Rec ↑ F1 ↑ Acc ↑ Prec ↑ Rec ↑ F1 ↑
Cross-fitted (SSPC) 86.43±2.54 83.53±2.98 98.23±0.94 88.50±1.56 87.46±0.39 91.40±0.31 90.97±0.70 91.18±0.31 86.83±0.57 89.32±1.37 94.08±1.31 91.64±0.30
In-sample gate 81.21±3.37 75.76±3.05 97.88±2.33 85.76±2.34 82.94±0.22 83.28±0.62 89.19±0.82 88.83±0.11 86.23±0.36 88.90±0.68 93.76±0.48 91.26±0.19
No gate / w/o CPUG 82.58±2.74 80.44±3.46 98.07±3.20 86.54±1.85 84.98±0.22 89.20±1.00 89.81±1.47 89.50±0.19 85.41±0.78 88.18±1.78 93.50±1.90 90.77±0.38

Table 8: Cross-fitting ablation on gate training protocols. All variants use the CLIP encoder and LGR-refined graph.
Values are percentages (%) averaged over five random seeds.

Protocol Twitter PHEME Weibo

Acc ↑ Prec ↑ Rec ↑ F1 ↑ Acc ↑ Prec ↑ Rec ↑ F1 ↑ Acc ↑ Prec ↑ Rec ↑ F1 ↑
Fully Inductive Node 72.50 68.00 97.91 80.26 84.49 84.92 95.14 89.74 85.23 88.33 93.04 90.62
No Test PL / No Test Graph Calibration 72.41 67.81 98.39 80.29 84.49 84.21 96.30 89.85 85.23 87.99 93.50 90.66

Table 9: Strict inductive diagnostics under restricted test-time information access. Values are percentages.

D GPU). SSPC’s training time includes all stages
(K=5 cross-fitting, gate training, final training),
and inference latency is measured after features,
graph connectivity, and required pseudo-labels are
available; feature extraction, graph construction,
and pseudo-label generation are excluded as pre-
processing costs.

Runtime Comparison. SSPC’s training over-
head is dataset-dependent rather than uniformly
larger: compared with FCN-LP it is slightly lower
on Twitter (7.31 vs. 8.03 min) and PHEME (1.43
vs. 1.63 min) but slightly higher on Weibo (1.49 vs.
1.41 min), and it is much faster than GLPN-LLM
on Twitter (7.31 vs. 47.82 min) though slower on
PHEME and Weibo. Its per-epoch time stays close
to FCN-LP despite the cross-fitting stage.

At inference, SSPC’s latency is below
0.054 ms/sample on all benchmarks; FCN-LP
is faster on all three and GLPN-LLM faster on
PHEME and Weibo. The supported conclusion is
therefore not that SSPC is the fastest detector, but
that its absolute per-sample latency remains small
under the shared transductive environment.

Memory Overhead. SSPC’s peak GPU mem-
ory lies between FCN-LP and GLPN-LLM
on all benchmarks, reducing GLPN-LLM-level
memory by about 45.2%/40.4%/63.1% on Twit-
ter/PHEME/Weibo while still exceeding FCN-
LP. Mechanistically, LGR and CPUG add only
lightweight per-edge/per-node operations without
large caches, and cross-fitting repeats per-fold train-
ing at a similar per-run footprint. As these values
depend on implementation, graph scale, and hard-
ware, they are intended for relative comparison
under the same environment; they also motivate
the complexity analysis below.

P Complexity Analysis

SSPC adds three main sources of computation over
the base graph detector.

Cross-fitting cost. CPUG requires K cross-
fitting rounds. With K = 5, the cost is higher
than a single training run, but the propagation gate
is trained only once and then frozen. This con-
trols gold-label leakage in gate supervision: each
utility label is computed from a predictor whose
supervised loss excludes that node’s ground-truth.

Graph-refinement cost. LGR scans graph edges
once and computes learnable edge-refinement co-
efficients from semantic edge features. Its time
complexity isO(|E|) up to a small MLP factor, and
its memory overhead is one refined edge-weight
vector.

Semantic-conflict gate cost. CPUG computes
an argmax label from plp

i and a scalar conflict
score for each node, then evaluates a small gate
MLP. Its time complexity is O(|V|) and its mem-
ory overhead is one scalar conflict score per node.
Therefore, after the cross-fitted propagation gate is
learned, the additional inference overhead of SSPC
is small relative to graph propagation.

Q Analysis of Learned LGR Edge-Weight
Distribution

To diagnose how LGR responds to pseudo-label
agreement, we compare the distribution of the post-
normalization refinement ratio

ρratioij =
a′ij
aij

, (23)

(larger means the edge retains more weight after re-
finement) between high-confidence anchor-anchor
edges whose endpoints share the same pseudo-label
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Method Twitter PHEME Weibo

Train (min) Epoch (s) Infer (ms) Peak Mem (GB) Train (min) Epoch (s) Infer (ms) Peak Mem (GB) Train (min) Epoch (s) Infer (ms) Peak Mem (GB)

FCN-LP (CLIP) 8.03 0.1605 0.0363 6.86 1.63 0.0325 0.0054 0.032 1.41 0.0282 0.0032 0.059
GLPN-LLM (CLIP) 47.82 0.9563 0.0727 20.20 0.59 0.0117 0.0017 0.063 0.84 0.0168 0.0013 0.196
SSPC (CLIP) 7.31 0.1462 0.0539 11.06 1.43 0.0286 0.0073 0.038 1.49 0.0298 0.0040 0.072

Table 10: Detector-side wall-clock runtime and memory comparison on three benchmarks. “Train” is end-to-end
detector-side training wall-clock time in minutes, “Epoch” is average training time per epoch in seconds, “Infer”
is detector-side inference latency per test sample in milliseconds after features, graph connectivity, and required
pseudo-labels are available, and “Peak Mem” is peak GPU memory usage in GB during training. Results are
five-random-seed averages using the CLIP encoder on a single NVIDIA GeForce RTX 4090 D GPU.
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Figure 11: Distribution of learned LGR refine-
ment ratios ρratioij = a′ij/aij for same-pseudo-label
and different-pseudo-label edges. Same-pseudo-label
edges receive consistently higher refinement ratios
than different-pseudo-label edges, indicating selective
reweighting rather than uniform scaling.

Dataset Same Edges Diff. Edges Same ratio Diff. ratio ∆ ratio

Twitter 17,415 7,598 0.8569 0.7169 0.1399
PHEME 655 46 0.8537 0.7147 0.1390

Table 11: Summary statistics of learned LGR refinement
ratios ρratioij for same-pseudo-label and different-pseudo-
label edges.

and those with different pseudo-labels. This is a
diagnostic of refined-graph weights, not a claim
about true semantic consistency.

Figure 11 and Table 11 show that same-pseudo-
label edges receive consistently higher refinement
ratios than different-pseudo-label edges on both
Twitter (0.8569 vs. 0.7169) and PHEME (0.8537
vs. 0.7147). LGR therefore does not apply uniform
scaling but selectively retains more mass on same-
pseudo-label edges and downweights different-
pseudo-label edges more strongly, evidence that
it reacts to pseudo-label agreement (though not
proof of true semantic consistency).

R Veracity-Awareness of LGR Learned
Edge Weights

The edge-weight diagnostics in Section Q show that
LGR responds to LLM pseudo-label relations, but
they do not establish whether the learned reweight-
ing aligns with true veracity. On PHEME, we there-
fore compare the pre-normalization edge multiplier

ρij with the ground-truth relation I[yi = yj ] over
high-confidence anchor edges (LLM confidence
≥ τ ), reporting the metrics defined in Table 12;
here ρij is distinct from the post-normalization ra-
tio ρratioij used in Section Q. PHEME is used be-
cause its high-confidence edge subset contains both
same- and different-pseudo-label edges, which this
diagnostic requires.

Setting τ n Prec(str.) Baseline Lift Recall(wk.) Pearson r Err-Amp

Fixed LGR (α=2, β=0.1) 0.50 701 0.985 0.977 +0.008 0.50 0.191∗∗∗ 0.565
0.80 297 0.993 0.987 +0.007 0.50 0.341∗∗∗ 0.356

Learnable LGR (seed=43) 0.80 297 0.987 0.987 0.000 0.00 0.230∗∗∗ 0.347
Learnable LGR (seed=45) 0.80 297 — 0.987 — 1.00 0.314∗∗∗ —

∗∗∗p < 0.001. The displayed Learnable LGR seeds have
positive Pearson correlations. Seed=45 has no strengthened-
edge precision because no edge meets the strengthened-edge
condition under this threshold.

Table 12: LGR edge weight veracity-awareness analy-
sis on PHEME. Prec(str.): true same-label ratio among
strengthened edges; Baseline: unweighted anchor-edge
same-label ratio; Lift: Prec(str.)−Baseline; Recall(wk.):
fraction of true different-label edges that are weakened;
Pearson r: correlation between ρij and true label agree-
ment; Err-Amp: fraction of strengthened edges where
both endpoints carry wrong pseudo-labels. “—” indi-
cates that the corresponding strengthened-edge subset
is empty or that the metric is not applicable.

Table 12 shows that, for Fixed LGR, raising the
confidence threshold from τ=0.50 to τ=0.80 in-
creases the correlation with true label agreement
from r=0.191 to r=0.341 and reduces error am-
plification from 0.565 to 0.356, indicating that
stronger confidence filtering better aligns pseudo-
label-driven reweighting with true edge-level agree-
ment. The displayed Learnable LGR seeds also
show positive correlations, though seed=43 has
zero lift over the high baseline same-label ratio and
seed=45 has undefined strengthened-edge preci-
sion because no edge meets the strengthened-edge
condition. Overall, LGR’s reweighting is partially
aligned with true edge-level veracity agreement un-
der high-confidence filtering, but the high baseline
same-label ratio, the small edge subset, and incom-
plete learnable-seed reporting limit this evidence.
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We treat this as a mechanism diagnostic rather than
a cross-dataset conclusion, a causal proof, or a main
significance test.

S Theoretical Analysis

Purpose and Reduced-order Setting. This sec-
tion gives a mechanism-level explanation of SSPC
rather than a generalization theorem. The aim is
to isolate the two controls introduced by SSPC:
LGR changes where propagation mass flows, and
CPUG changes how much a node trusts that propa-
gated mass. To keep the argument transparent, we
study a reduced one-step propagation slice around
a fixed node and treat the trained representation
and softmax layers as locally fixed.

Assumptions and Notation. Assumption 1
(Reduced-order propagation slice). For each
node i,

qi(W) =
∑

j∈N (i)

Wjirj ,

rj = yj + ϵj ,

Wji ≥ 0,
∑

j∈N (i)

Wji = 1.

(24)

where yj ∈ {0, 1} is the true label and ϵj is the
local prediction error. Let

mi = I[ỹi ̸= −1, ci ≥ τ ], (25)

somi = 1 marks a high-confidence pseudo-labeled
node. Define the same-label and conflictive neigh-
bor sets as N+

i and N−
i :

N+
i = {j ∈ N (i) : yj = yi},

N−
i = {j ∈ N (i) : yj ̸= yi}.

(26)

The theory below suppresses higher-order represen-
tation learning, but it captures the effect of moving
mass across same-label and different-label neigh-
bors. At the gate level, si ≥ 0 denotes the semantic-
structural conflict score and gi ∈ [0, 1] denotes
the propagation gate. The regularization weight is
γ ≥ 0.

Definition 1 (Conflict mass and pairwise relation
correctness). The normalized conflict mass is

Ci(W) =
∑

j∈N−
i

Wji. (27)

For an edge (vj , vi) with mjmi = 1, we say the
pairwise pseudo-label relation is correct when

I[ỹj = ỹi] = I[yj = yi]. (28)

Equivalently, the indicators used by LGR,

usame
ji = mjmi I[ỹj = ỹi],

udiffji = mjmi I[ỹj ̸= ỹi],
(29)

match the true same/different relation on that edge.
This is the only pseudo-label signal needed by
LGR; the absolute correctness of each node-level
pseudo-label is not required.

Propagation Error Decomposition. Lemma 1.
Under Assumption 1,

|qi(W)− yi| ≤
∑

j∈N (i)

Wji|ϵj |+ Ci(W). (30)

Proof. Substituting rj = yj + ϵj gives

qi(W)−yi =
∑

j∈N (i)

Wjiϵj+
∑

j∈N (i)

Wji(yj−yi).

(31)
Applying the triangle inequality yields

|qi(W)− yi| ≤
∑

j∈N (i)

Wji|ϵj |

+
∑

j∈N (i)

Wji|yj − yi|.
(32)

Because the labels are binary, |yj − yi| = I[yj ̸=
yi], so the second term is exactly Ci(W). This
proves the claim.

Pairwise Pseudo-label Calibration. Lemma 2
(Pairwise correctness does not require node-
level correctness). If two endpoints are flipped
by the same binary flip, for example

(ỹj , ỹi) = (1− yj , 1− yi), (33)

then I[ỹj = ỹi] = I[yj = yi] even though ỹj ̸= yj
and ỹi ̸= yi. Proof. A common binary flip pre-
serves equality and inequality: yj = yi if and
only if 1 − yj = 1 − yi. Therefore the pair-
wise same/different relation is unchanged, which
is exactly the information consumed by usame

ji and

udiffji . More generally, any corruption that pre-
serves pairwise equality on an edge keeps the LGR
signal correct even when both node-level pseudo-
labels are wrong.

Effect of Conservative LGR Rescaling. Propo-
sition 1 (Conservative LGR reduces normal-
ized conflict mass). Let aji be the original edge
weights and let a′ji = ajiρji be the LGR-refined
weights. Assume that on every high-confidence
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edge where LGR applies a nontrivial update, the
pairwise pseudo-label relation is correct and the
learned rescaling is conservative:

ρji ≥ 1 for j ∈ N+
i ,

0 ≤ ρji ≤ 1 for j ∈ N−
i ,

(34)

while uncalibrated edges keep ρji = 1. Let W and
W′ denote the normalized weights induced by a
and a′, respectively. ThenCi(W

′) ≤ Ci(W). If at
least one conflict edge is strictly downweighted and
the refined incoming mass is positive, the inequality
is strict. Proof. Let

A =
∑

j∈N+
i

aji, B =
∑

j∈N−
i

aji, (35)

and define A′ and B′ analogously with a′ji. By the
assumption, A′ ≥ A and B′ ≤ B. Hence

Ci(W
′) =

B′

A′ +B′ ≤
B

A+B
= Ci(W). (36)

If some conflict edge is strictly downweighted and
the total incoming mass is nonzero, then B′ < B
and the inequality is strict, proving the proposition.

Gate Regularization under Semantic-Structural
Conflict. Proposition 2 (Conflict-aware gate
shrinkage). Let zi ∼ Bernoulli(pi) be the cross-
fitted utility label, and consider the expected CPUG
risk for a fixed node,

ℓ(g; pi, si) = −pi log g − (1− pi) log(1− g)

+ γsig.
(37)

For any fixed pi ∈ (0, 1) and γ > 0, ℓ has a unique
minimizer g⋆i (si) for g ∈ (0, 1), and g⋆i (si) is non-
increasing in si. In particular, larger semantic-
structural conflict yields a smaller optimal prop-
agation gate. Proof. The first derivative is

∂ℓ

∂g
= −pi

g
+

1− pi
1− g

+ γsi, (38)

and the second derivative is

∂2ℓ

∂g2
=
pi
g2

+
1− pi
(1− g)2

> 0. (39)

Therefore ℓ is strictly convex and has a unique
minimizer in (0, 1). At the optimum,

− pi
g⋆i

+
1− pi
1− g⋆i

+ γsi = 0. (40)

Differentiating this optimality condition with re-
spect to si gives

dg⋆i
dsi

= − γ
pi

(g⋆i )
2 + 1−pi

(1−g⋆i )
2

< 0. (41)

Hence the optimal gate decreases as the conflict
score increases. The boundary cases pi ∈ {0, 1}
are even simpler and lead to the same weak mono-
tonicity conclusion.

Relation to SSPC and Scope of the Claim. Corol-
lary 1 (Mechanism-level reduction in propaga-
tion exposure). When the pairwise pseudo-label re-
lation is informative on the edges that LGR updates,
and when si is positively associated with propa-
gation risk, SSPC reduces the effective exposure
of node i to conflictive propagation in two ways:
Proposition 1 reducesCi(W), and Proposition 2 re-
duces gi for high-conflict nodes. Consequently, the
effective conflict term entering Lemma 1 is reduced
from the uncalibrated baseline. This conclusion is
local and mechanism-level; it is not a universal
generalization theorem for arbitrary graphs or arbi-
trary LLM outputs. Proof. From Proposition 1, the
refined graph satisfies Ci(W

′) ≤ Ci(W). From
Proposition 2, g⋆i (si) ≤ g⋆i (0) whenever si ≥ 0.
Since both factors are nonnegative,

g⋆i (si)Ci(W
′) ≤ g⋆i (0)Ci(W). (42)

Thus SSPC lowers the product of propagation re-
liance and conflict mass on nodes where the pair-
wise pseudo-label relation carries signal. The claim
is intentionally local because the reduced-order
model suppresses representation learning, nonlin-
ear activation, and dataset-specific optimization
effects. This proves the corollary.

The empirical diagnostics in Tables 7, 6, and 8
are consistent with this reduced-order story in a lim-
ited sense: edge-level agreement can provide signal
beyond imperfect node-level pseudo-label accu-
racy, moderate corruption can be tolerated in some
settings, full corruption shows dataset-dependent
sensitivity especially on Weibo, and cross-fitting
provides label-held-out gate supervision.

T LLM Prompt Template

Table 13 gives the prompt format used to obtain
LLM pseudo-labels and confidence scores. The
output is parsed into a binary LLM pseudo-label
and a confidence score. SSPC does not train di-
rectly on these LLM pseudo-labels.
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Field Content

Role You are a fact-checking assistant for multi-
modal social media posts.

Input Given the post text and its associated image
or image description, judge whether the
post is real or fake.

Guidelines Consider whether the text-image pair is
consistent, whether the claim is specific,
and whether the evidence appears manipu-
lated, out of context, or misleading.

Output Return “Result: R, Confidence: C%”,
where R = 1 denotes real, R = 0 denotes
fake, and C is a confidence score from 0 to
100.

Table 13: Prompt template for LLM pseudo-label.

U Ethics Statement

Our work aims to combat misinformation on so-
cial media. We use publicly available benchmark
datasets that have been widely adopted in prior
research. Because these benchmarks are derived
from social media, some posts may contain user-
generated text, images, usernames or other meta-
data, and may include offensive, misleading, or
distressing content. We use these data only for
research evaluation, do not attempt to identify in-
dividuals, and report aggregate results rather than
reproducing sensitive examples. Any released ar-
tifacts will avoid redistributing raw private infor-
mation beyond what is permitted by the original
dataset terms. We acknowledge that automated
fake news detection systems may produce false
positives, and we recommend that such systems be
used as assistive tools rather than sole arbiters of
content veracity.

V Artifact License

Author-generated code, configuration files, and ex-
periment scripts will be released with a license file
in the public artifact/repository. Public datasets and
third-party models or tools used by this work re-
main subject to their original licenses and terms of
use. LLM pseudo-labels and derived experimental
files are provided only for research reproducibility
and evaluation, and do not change the licensing
status of the original datasets.

W AI Assistants Disclosure

AI tools were used solely for language polishing,
grammar correction, improvement of English ex-
pressions, and correction of code syntax errors.

29176


