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Multimodal Fake News Detection Driven by Event Structure—
Content Collaboration

Abstract: In event-graph-based multimodal fake news detection, argument omission and predicate absence can lead to in-
consistent organization of event elements, while content information, including headline semantics, visual scenes, and ex-
ternal knowledge, remains underutilized. To address these issues, this paper proposes Dual-Perspective Collaboration for
Multimodal Fake News Detection (DPC). The proposed method jointly models event structures and textual—visual con-
tent through three components: 1) organizing event elements adaptively according to predicate presence and mapping
them into a unified relation modeling space; 2) modeling event relations using multi-view graph attention and employing
relative modality gating to regulate the contributions of textual and visual event representations, thereby enhancing struc-
tural consistency discrimination; and 3) enriching headline semantic representations with encyclopedic knowledge and
integrating textual semantics with object-level visual information through cross-modal attention to supplement content-
level discriminative evidence. Experiments on three public datasets, Twitter, Weibo, and PHEME, show that DPC
achieves accuracy scores ranging from 0.912 to 0.938 and consistently outperforms all compared variants in macro-F1
on predicate-free structure subsets. The results demonstrate that DPC can improve text—image consistency discrimination
under conditions of incomplete event information.
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Twitter 14483 1934 6743 (41.1%) 9674 (58.9%) 16417

Weibo 7531 1880 8024 (85.3%) 1387 (14.7%) 9411

PHEME 1367 589 1428 (73.0%) 528 (27.0%) 1956
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(S I ACER TR N VSR W N P T G =N
bR

Twitter Al PHEME % H] CLIP ViT-B/162%,
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CLIP X H[CLSIf BAF AR R BB ImiL
RA R RE, FF5%T Faster R-CNN &6k 4 33547 8 B
Ja BTN . TagMe 5453 H R TS0 BB/ H
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SERIHERE S Rl S 4
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Twitter Weibo PHEME
vl BN
Acc F1 Acc F1 Acc F1
- X P9 A 1 58 0.915 0.915 0.891 0.891 0.896 0.866
A A 5 Fg 41 0.926 0.926 0.897 0.897 0.893 0.881
=BG E 0.885 0.881 0.882 0.879 0.890 0.851
EREALH 0.910 0.907 0.894 0.893 0.887 0.824
Fhah i

2% Jay i e 0.907 0.903 0.890 0.890 0.874 0.815
AR T 145 0.912 0.907 0.891 0.887 0.893 0.850
Rt lUEs il Sy 0.913 0.910 0.882 0.885 0.892 0.873
P ZRE 3 5 SO SRS 0.910 0.907 0.892 0.892 0.874 0.831
ZEBRER ) 0.919 0.915 0.891 0.893 0.891 0.822
i ARSI 0.916 0.916 0.904 0.904 0.894 0.873
o SEEDPC 0.940 0.940 0.912 0.912 0.905 0.890
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Twitter NAEZR 0521 -0.002 0.916 0.917
Twitter MAEXTS 0523 -0.0002 0915 0.915
Twitter  FIEE 0520  -0.003 0.913 0.912
Weibo ATEZER 0542 -0.004 0.885 0.886
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Weibo FiffEE 0539  -0.007 0.881 0.881
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Twitter Weibo PHEME
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