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Fake news: “An employee of the Jefferson Real news: “You left in peace, left me in
County morgue died this morning after pieces.”

being accidentally cremated by one of his

coworkers.”

Figure 1: Illustrations of cross-modal ambiguity.
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(a) Cross-modal correlation may be unhelpful or even harmful when text and image

alone are sufficient.
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(b) Cross-modal correlation can present extra insights when text and image alone are
insufficient.

Figure 2: [llustration of the importance of ambiguity-aware
cross-modal correlation using the Weibo dataset [15]. Each
cell of the heat map represents the cosine similarity between
the representations of each text or image pair.
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Figure 3: The architecture of the proposed CAFE method. For news with different levels of ambiguity, the proposed cross-
modal ambiguity learning module can adaptively aggregate the unimodal features and cross-modal correlations to improve
fake news classification. We set the weight of cross-modal correlation as a and the weight of unimodal features as 1 - g, so that
the classifier will rely more on cross-modal correlation when a is large, i.e., stronger ambiguity appears.
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Table 1: Performance comparison between CAFE and the two unimodal and six multi-modal baseline meth

Method s Rumor Non Rumor
{5 R F P R Fq
CAR 0.637 0.574 0.690 0.682 0.724 0.602 0.617
VS 0.617 0.635 0.644 0.639 0.639 0.630 0.634
RA 0.664 0.749 0.615 0.676 0.589 0.728 0.651
EANN 0.648 0.810 0.498 0.617 0.584 0.759 0.660
Twitter MAVE 0.745 0.801 0.719 0.758 0.689 0.777 0.730
MKEMN 0.715 0.814 0.756 0.708 0.634 0.774 0.660
SAFE 0.762 0.831 0.724 0.774 0.695 0.811 0.748
MCNN 0.784 0.778 0.781 0.779 0.790 0.787 0.788
CAFE 0.806 0.807 0.799 0.803 0.805 0.813 0.809
CAR 0.745 0.705 0.765 0.750 0.756 0.725 0.740
VS 0.726 0.732 0.712 0.722 0.720 0.74 0.73
RA 0.772 0.854 0.656 0.742 0.720 0.889 0.795
EANN 0.795 0.806 0.795 0.800 0.752 0.793 0.804
Weibo MVAE 0.824 0.854 0.769 0.809 0.802 0.875 0.837
MKEMN 0.814 0.823 0.799 0.812 0.723 0.819 0.798
SAFE 0.816 0.818 0.815 0.817 0.816 0.818 0.817
MCNN 0.823 0.858 0.801 0.828 0.787 0.848 0.816

CAFE 0.840 0.855 0.830 0.842 0.825 0.851 0.837
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Table 3: Performance comparison of different distance mea-
surement methods in ambiguity learning methods.

Table 2: Ablation study on the architecture design of CAFE
on two datasets. Method Data  Acc Pre  Rec F1

Twitter 0.793 03823 0.753 0.787

Method Datii Ao Pre D FI ¢ 05 Weibo 0.837 0.848 0829 0.838

: C DIS Twitter 0.784 0.801 0.753 0.776

CAFE w/o R Tertter 0.791 0.834 0744 0.787 AFE Woiba 0834 0.843 0828 0835
Weibo 0.830 0.875 0801 0.837 :

CAFE-KL Twitter 0.806 0.807 0.799 0.803

CAFE w/o A Twitter 0.786 0.767 0.790 0.779 Weibo 0840 0.855 0830 0.842

Weibo  0.829 0.831 03826 0.828

Table 4: Performance comparison between different cross-

Twitter 0806 0.807 0.799 0.803

AFE modal fusion methods.
CAFEW/o C wribo 0827 0863 0805 0.833

e Twitter 0.806 0.807 0.799 0.803 Method  Data  Acc  Pre  Rec  FI
Weibo 0840 0.855 0830 0.842 CAFE.CAT  TWitter 0789 0801 0756 0778
Weibo  0.828 0863 0.805 0.833
Twitter 0.794 0.801 0.763 0.782
CAFE-CNN  wreibo 0832 0843 0825 0.834
CAFE Twitter 0806 0.807 0.799 0.803

Weibo  0.840 0.855 0.830 0.842
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Figure 5: The result of quantitative analysis. CAFE presents
clear inter-class difference and intra-class similarity, while

CAFE w/o A and CAFE w/o R yield poor capability to learn
inter-class difference.
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