


to acquire richer multi-modal complementary in-
formation, thereby rendering the extracted basic
features with favorable discriminative ability. (2)
The inclusion of domain-general prompts enriches
the multi-domain characteristics possessed by the
feature, thus mitigating the influence of domain-
specific information on the model’s generalization
ability to detect news of different domains. (3) By
translating the images of news samples into text,
we further strengthen modality alignment and un-
cover richer discriminative information in image.

4.4 Ablation Studies

We analyze the influence of each proposed compo-
nent in CPLSD. Specifically, the compared variants
of CPLSD are:

• CPLSD w/o P: We remove the efficient cross-
modal prompt interaction module and do not
conduct cross-modal information interaction
during the basic feature extraction stage.

• CPLSD w/o S: We remove the image semantic
enhancement module and directly input the
fused features of image and text modalities to
the classifier for classification.

• CPLSD w/o E: We remove the domain-
general prompt generation module and do not
use domain-general prompts in information
aggregation step of multi-modal interaction
layers.

From Table 2, we have the following observa-
tions: 1) The performance of CPLSD w/o P has
declined, proving that the early cross-modal inter-
action effectively explores diversity information
and relevant information between modalities. 2)
The performance of CPLSD w/o S inferiors to the
results of CPLSD, showing that the text features of
generated image captions provide the model with
richer discriminative information, which helps fully
capture semantic information in image. 3) The per-
formance of CPLSD w/o E is also worse than the
complete version of CPLSD, proving that domain-
general prompts mitigate the model’s tendency to
learn domain-specific information, significantly im-
proving its domain generalization capability.

4.5 Parameter Analysis

The length of prompt. To analyze the influence
of prompt length on results, we conduct experi-
ments on three datasets. In experiments, query

(a)

(b)

Figure 3: Performance with (a) various prompt lengths
and (b) different numbers of interaction layers.

prompts, context prompts and information supply-
ment prompts, are all set to the same length. The
detection performance of CPLSD is shown in Fig.
3(a), and we can see that when the prompt length
becomes excessively large (greater than 6), the de-
tection accuracy begins to decrease. In fact, as the
prompt length increases, the model is able to real-
ize more comprehensive cross-modal information
interaction, enabling each modality to obtain richer
information from the other modality. However, as
the prompt length continues to increase, it may
introduce more redundancy and lead to over-fitting.
The number of multi-modal interaction layers.
The depth of basic feature extraction for individual
modalities and the timing of initiating inter-modal
information interaction present a delicate balancing
consideration. To identify the optimal balance be-
tween them, we analyze the influence of the number
of multi-modal interaction layers on performance
of fake news detection, and the results are shown
in Fig. 3(b). Since the total number of layers of the
pre-trained feature extractor, i.e., BERT or ViT, is
fixed, when the number of multi-modal interaction
layers increases, the number of the unimodal ba-
sic feature extraction layers decreases, resulting in
an earlier start of modality information interaction.
We can see that when the number is less than 4, the
detection accuracy on both datasets improves as
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Dataset Model Accuracy
Fake News Real News

P R F1 P R F1

Pheme

CPLSD 0.891 0.832 0.839 0.836 0.918 0.934 0.924
w/o P 0.865 0.752 0.805 0.778 0.917 0.890 0.903
w/o S 0.878 0.830 0.735 0.779 0.895 0.938 0.916
w/o E 0.881 0.813 0.770 0.791 0.906 0.926 0.917

Weibo

CPLSD 0.920 0.927 0.939 0.933 0.910 0.927 0.915
w/o P 0.894 0.858 0.929 0.892 0.931 0.862 0.895
w/o S 0.899 0.877 0.917 0.896 0.922 0.884 0.903
w/o E 0.902 0.878 0.920 0.899 0.925 0.885 0.905

Fakeddit

CPLSD 0.940 0.947 0.932 0.938 0.931 0.948 0.939
w/o P 0.927 0.946 0.908 0.926 0.912 0.945 0.928
w/o S 0.931 0.933 0.929 0.931 0.930 0.933 0.931
w/o E 0.930 0.907 0.930 0.919 0.928 0.902 0.916

Table 2: Ablation analysis results on three datasets.

the number increases. However, when the number
becomes excessively large (greater than 4), the de-
tection accuracy begins to decrease. Therefore, in
this paper, we set the number of multi-modal inter-
action layers to 4 to realize the balance of sufficient
unimodal basic feature extraction and cross-modal
interaction as much as possible with the lightweight
prompt learning manner.

4.6 Visualization

In order to observe classification effect more in-
tuitively, we use the TSNE (Van der Maaten and
Hinton, 2008) to visualize original samples and
learned features by our approach on Fakeddit, as
shown in Fig. 4. For original samples, ViT features
and BERT features for image and text modalities
are extracted and then are concatenated for visual-
ization. We can observe that the boundary of two
categories is clearer for learned features than orig-
inal samples. This indicates the learned features
have more strong discriminative ability.

5 Conclusion

In this paper, we propose a novel approach named
CPLSD for MFND. The efficient cross-modal in-
teraction module learns features well adaptive to
the MFND task and enriches complementary in-
formation across modalities. The domain-general
prompt generation module enhances the domain
generalization capability of the model. And im-
age semantic enhancement module provides richer
discriminative information from images.

Comprehensive experiments on three widely
used MFND datasets demonstrate CPLSD can sig-
nificantly outperform state-of-the-art MFND meth-
ods. The component discussion results also indi-
cate effectiveness of the designed main modules.

(a)

(b)

Figure 4: Feature distributions of (a) original samples
and (b) learned features on Fakeddit. Features of fake
and real news are indicated by yellow and purple dots.

In this paper, we consider the most common modal-
ities of image and text. In the future, we will evalu-
ate effectiveness of our approach with more modal-
ity forms.
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