
GatedVAE: Detecting Multimodal Fake News with Gated
Variational AutoEncoder

Yimeng Gu
Queen Mary University of London

United Kingdom
yimeng.gu@qmul.ac.uk

Ignacio Castro
Queen Mary University of London

United Kingdom
i.castro@qmul.ac.uk

Gareth Tyson∗
The Hong Kong University of Science

and Technology (GZ)
China

gtyson@ust.hk

ABSTRACT
This paper focuses on the challenge of automatically detecting
multimodal fake news on social media. Although multimodal fake
news classifiers exist, we show that prior works fail to reflect cer-
tain real-world practicalities. For example, news captions often
contain highly irrelevant information that introduces noise to the
overall message contained within the post. Existing classifiers do
not properly address this, resulting in misclassifications. To ad-
dress this limitation and suppress noise, we propose GatedVAE
(Gated Variational AutoEncoder), which enables VAE with the gat-
ing mechanism. Experimental results demonstrate the efficacy of
our approach: GatedVAE is able to suppress noise and learn an
effective multimodal representation. It outperforms state-of-the-art
models by 3.7% and 2.4% (F1) on Twitter andWeibo datasets, respec-
tively. Our ablation study highlights the importance of the gating
mechanism and the methods we adopt to alleviate overfitting. We
further show that, in addition to dynamically controlling the pass
of noisy input, the gate also helps to uncover modality importance
in multimodal fake news detection.

CCS CONCEPTS
• Information systems → Data mining; Social networks; •
Computing methodologies→ Artificial intelligence.
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1 INTRODUCTION
It is now common for users to obtain news from social media
sites, such as Twitter, Facebook and Youtube [2]. Whilst in 2016,
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62% of adults in the US got their news from social media, this
figure has since increased to 71% in 2021 [1]. Such trends have
been accompanied by an equivalent expansion in the volume of
so-called “fake news” circulating on social media. The nature of
this material is diverse, ranging from whimsical (e.g. The Onion) to
life threatening (e.g. anti-vax hoaxes) [36, 45]. Consequently, it has
gained significant attention, with social media companies actively
attempting to build models that can detect such content.

Building accurate models is not trivial though. A key challenge
in detecting fake news is the growing diversity of such material.
For example, news posted on social media covers a vast array of
topics and often consists of diverse modalities (e.g. text, image
and video). Consequently, it is increasingly important to design
classifiers that can leverage both language and visual modalities. A
small set of prior studies have considered this challenge [18, 35, 38].
However, to date, they have taken relatively simple approaches, e.g.
encoding language and visual inputs [18, 35, 38], and then applying
fusion methods (e.g. concatenation [38], cross-modal attention [9]).
Yet, these techniques treat both modalities as equally important,
failing to suppress noise that may emerge within the individual
modalities. For example, news posts often contain highly emotive
(but irrelevant) words that introduce significant noise to the overall
message contained within the post (see Tab. 1 for examples). In this
paper, we define noise as non-useful information for determining
the credibility of news, opposite to signal which contains crucial
information that can be exploited for classification.

Our experiments show that this noise poses a significant chal-
lenge for simple feature representations. In our later experiments
(Sec. 3) we separately and combinatively perturb the text and image
of news posts on Twitter to monitor the impact it has on several
state-of-the-art (SOTA) multimodal fake news detectors. We find
that the impact of textual perturbation on the classification results
is negligible — even when the perturbations change the entire mean-
ing of the news, the model outputs are invariant. This is particularly
worryingly as it allows adversaries to easily bypass such detectors.
Thus, we argue that it is vital to explore new ways for multimodal
fake news classification to filter out these noisy modality inputs,
whilst retaining useful information.

Our paper has three key objectives: (i) to devise an effective way
of representing multimodal data, particularly oriented towards fake
news detection; (ii) to adaptively suppress the noisy feature inputs
that contribute less to the news label prediction (fake or real); and
(iii) to build a classifier that can exploit these adapted feature inputs
to detect fake news. To achieve our objectives, we propose Gat-
edVAE, a noise-aware multimodal fake news classifier. GatedVAE
adopts a variational autoencoder (VAE) as the multimodal feature
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Table 1: Examples of noisy news text in the Twitter dataset

News Text News Event Type of Noise

This shit crazy ‼ #newyork #subway #flooded #hurricanesandy #timessquare Sandy Hurricane Sentimental words
LMFAO‼! [laugh-cry-emoji] #Sandy Sandy Hurricane Emojis and abbreviations
http://t.co/pS4KetWGaW #4chan Boston Marathon No substantial text

extractor. We show that it can effectively learn latent vectors, repre-
senting both modalities in tandem. Our results, however, show that
this alone is ineffective at suppressing noise. Thus, we further in-
corporate a gated mechanism, to adaptively block out noisy inputs.
Our evaluation shows that our approach is able to decide which
modality is “useful”, such that the noisy inputs can be blocked. Gat-
edVAE outperforms SOTA models by 3.7% and 2.4% (F1) on Twitter
and Weibo datasets, respectively. Importantly, it outperforms SOTA
by 10.6% in recall (on Twitter dataset [6]). Note, recall is arguably
more important for fake news detection as it is possible for human
moderators to review any incorrect classifications.

In summary, the contributions of this paper are as follows:
(1) We explore the deficiencies of existing multimodal fake news

models through a set of perturbation experiments (Sec. 3).
We show that all 3 tested models are insensitive (avg. Δ
Acc = 1.26%) to text perturbations, yet sensitive (avg. Δ Acc
= 10.36%) to image perturbations. We conjecture that one
possible explanation is that there is significant noise (Tab. 1)
in textual inputs, leading existing models to “ignore” textual
modality as a whole and become ineffective at differentiating
useful signals from noise.

(2) Exploiting this observation, we propose GatedVAE, a gated
variational autoencoder (Sec. 4) that suppresses noisy uni-
modal inputs from multimodal fake news. We explore three
types of gated module and explore their efficacy: unimodal
soft gate, multimodal soft gate and reinforcement learning
(RL)-enabled on/off gate.

(3) We evaluate GatedVAE (Sec. 6) on two benchmark datasets
from Twitter [6] and Weibo [16] (Sec. 5). GatedVAE outper-
forms the SOTA models by 3.7% and 2.4% (F1) on Twitter
and Weibo dataset, respectively. In addition, it outperforms
SOTA by 10.6% in recall on a Twitter dataset.

(4) We show that the proposed gates also help to uncover the
more important modality when detecting a multimodal fake
news item. Further, we evaluate and compare the efficacy of
the gates by conducting an ablation study (Sec. 6).

2 RELATEDWORK
There have been a number of recent works that attempt to auto-
mate fake news detection, including multimodal techniques. Here,
we summarize existing fake news detection approaches and gated
fusion methods.

2.1 Fake News Detection
Prior efforts [3, 7, 40] have adopted traditional machine learning
classifiers, e.g. SVMs, to detect fake news. Later works focus on
capturing semantic information of the news using recurrent neural
networks (RNNs) [25] and convolutional neural networks (CNNs)

[44], further coupled with attention mechanisms [13, 29]. Other
works take advantage of pre-trained language models [17, 28] fol-
lowed by simple classifiers (achieving promising performances).
In addition to detecting fake news based on its semantic mean-
ing, some works attempt to differentiate fake news and real news
using the news propagation network [5, 14] or comment-reply net-
work [42]. These approaches are effective in detecting fake news,
but they only based on unique modality and cannot accommodate
multimodal inputs.

2.2 Multimodal Fake News Detection
To detect fake news in a multimodal setting, it is important to
first find effective ways to encode news’ textual and visual inputs.
Many techniques have been used to learn unimodal representations:
[18] uses multimodal variational auto-encoder; [22] uses CNNs and
RNNswith attention; [35] leverages pre-trainedmodels, followed by
shallow neural layers. With the learned unimodal representations
in hand, the next step is to form the multimodal representation.
Adopted fusion methods include feature concatenation [9, 18, 20, 27,
35, 38], element-wise multiplication [22] and cross-modal attention
[16]. Apart from effectively representing news inputs, many works
incorporate co-learning task(s) tailored to improve performance
on fake news detection. [38] relies on adversarial networks. [9]
measures cross-modal ambiguity to adaptively aggregates unimodal
features and cross-modal correlations. [27] trained a reinforcement
learning agent to enable domain adaptive fake news detection.

The above works obtain promising results in multimodal fake
news detection, but assume that both modalities contribute equally
to the news label prediction, neglecting the fact that text posted
on social media often contain unrelated information. Although
[34] uses a multiplicative multimodal method to decay the deci-
sion signal coming from the noisy modality, they delay the signal
suppression at the decision point. In contrast, our work is able to
suppress noisy modality inputs at an earlier stage, which helps
to rapidly pinpoint to the problematic modality that may cause
the news to be fake. In summary, there is little work taking into
account the noise contained in input modalities. In our work, we
strive to build a solution that can dynamically suppress the input
from a noisy modality. To enable this, we take the advantage of
gated fusion.

2.3 Gated Fusion
Prior works [31, 46] have shown that a gated module can be used to
understand feature importance for multimodal fusion. Many works
implement the soft gate, whose output is a continuous numerical
value. This has been used to assist various computer vision tasks,
e.g. image dehazing [46] and saliency prediction [21]. Moreover,
[37] proposes a cross-gating strategy using linear layers in video
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captioning task. Likewise, [11] uses the gate to avoid introducing
useless inputs from images into multimodal sentiment classifica-
tion. [24] presented group gated fusion to learn the contribution of
each representation. Other works implement the on/off gate, which
outputs either 0 or 1 as the multiplier. For instance, [8] proposes
a gated controller learned through reinforcement learning to dy-
namically decide whether to block audio and video modality at
each timestamp. Inspired by [8], we adopt and modify their on/off
gate in order to applying it to our non-temporal multimodal inputs.
Our work is the first to introduce a gated module to suppress noisy
modality input in multimodal fake news detection.

3 MOTIVATION
Given that news posted on social media tends to be noisy (con-
taining unrelated information, see Tab. 1) for classification, we
hypothesize that it may lead existing multimodal fake news de-
tector to largely ignore the noisy modality’s contribution. To test
our hypothesis, we perform experiments on three SOTA models:
EANN [38], MVAE [18] and SpotFake [35]. We run these models
using their publicly available code. Note, as some code snippets
are missing, our obtained results are slightly different from their
original results, although we tried our best to faithfully rewrite the
missing code. We conduct pilot experiments on Twitter dataset [6].

We first train each model with their default configurations on the
training set. The model with optimal performance on the original
testing set is retained. After that, we perturb the news’ textual and
visual parts in the original test set. We then evaluate the trained
models’ performance change on the perturbed test set.

We use seven text and image perturbation methods: P1. Char-
acter Perturbation: perturbs 10% of characters in each post’s
text by substituting, deleting, inserting, and swapping adjacent
characters (using the textattack [26] package). Note, we also
experiment with different ratios (10%, 20% and 50%) to discover
the same results. Thus, for simplicity, we only include 10% here.
P2. Text Replacement: replaces each post’s text with one non-
factual sentence (we repeat P2 with 5 different fake news text from
the Twitter dataset, and report the averaged experimental result:
“The incredibly rare Black Lion…”, “David Bowie and Tilda Swinton
Dressed As Each Other”, “Unbelievable Shot Of The 2012 Supermoon
In Rio de Janeiro”, “Germans march, yell ’Germany is w/ France’”,
“Lenticular clouds over Mount Fuji, Japan”). P3. Text Removal:
replaces each post’s text with one non-meaningful word: ”blank”,
mimicking an empty sentence. P4. Pixel-wise Perturbation: in-
jects adversarial perturbation (using [32]) into each post’s image.
P5. Image Replacement: replaces each post’s image with one fake
news image (we repeat P5 with 5 different fake news images from
the Twitter dataset, and report the averaged experimental result:
black_lion_1, rio_moon_1, five_headed_snake_5, half_everything_7,
bowie_david_2). P6. Image Removal: replaces each post’s image
with a blank image. P7. Text and Image Perturbation: combines
P1 and P4.

The perturbation becomes stronger from P1(P4) to P3(P6). Fur-
ther, P2, P3, P5 and P6 turn all items into fake. Note, we do not
change the news label when performing the perturbation. As such,
P2, P3, P5 and P6 should cause a significant change in performance

if the model is able to effectively identify fake news, because the
preserved label will no longer match the perturbed data.

Tab. 2 summarizes the results. In line with our hypothesis, text
perturbations (P1-P3) do not significantly change the model per-
formances. For EANN, the most significant change is caused by P2:
however, it actually causes an increase (not decrease) in its accuracy
(of 3.7%), with a 0.9% − 12.3% increase in the other metrics. Since
EANN’s performance is far worse than the other two models (and
unstable while we reproduce it), we believe that the 3.7% increase
cannot be interpreted as a performance enhancement. For MVAE
and SpotFake, the performance change in all experiments are trivial,
within 1% across all metrics. Manual check reveals that the model’s
predicted probability score for each class remains unchanged. This
is clearly problematic. For example, P2 changes the text to a demon-
strably fake news item, yet the classifiers fail to detect this fact.
This suggests that the models do not take the semantic meaning of
the textual part into consideration, which we did not expect.

In contrast, image perturbations (P4-P6) noticeably decrease
the models’ performances (compared to text perturbations). P4
sees 11.3%, 2.2%, 3.3% accuracy drops across all three models, re-
spectively. P5 and P6 further downgrade the models to a classifier
that only outputs fake as the predicted label - the precision, recall
and F1 score are therefore reduced to 0 for real news. This further
explains why recall for fake news surges. When injecting image
and text perturbation at the same time (P7), the performance drop
is almost the same as P4 for all three models. Together with the
textual perturbation results, this means that tested models mainly
rely on visual modality for the news classification.

In summary, the results indicate that the models’ outputs are
insensitive to changes made in the text input. This occurs, even
when our perturbation flips the groundtruth label. This implies that
SOTA multimodal fake news detectors do not properly consider the
textual input, even though some text is relevant and essential. In
practical scenarios, we consider it imperative that classifiers better
balance the roles of two modalities. To address this, we next explore
the use of a gated module, which adaptively suppresses inputs that
may contain noise for the classification task.

4 OUR PROPOSED APPROACH
In this section, we describe our proposed approach for multimodal
fake news detection: GatedVAE. We first introduce GatedVAE ,
before discussing the training details. The overall architecture of
GatedVAE is depicted in Fig. 1.

4.1 Multimodal Feature Representation
Since the purpose of a VAE is to find the latent variable that cap-
tures meaningful factors of variation in the input data [12, 23], we
believe that the learned latent variable is essential for fake news
detection. We leverage a multimodal VAE similar to [18] to extract
the latent multimodal representation from the news. In contrast
to their approach, we add modules to alleviate overfitting and add
the gate to dynamically adjust the passing of modality noise. Our
multimodal VAE consists of two encoders and two decoders for
textual input and visual input respectively. Concretely, the encoders
are used to learn meaningful unimodal representations, which are
then concatenated to form a multimodal representation. After that,
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Table 2: Results of the perturbation experiments on the Twitter dataset. Numbers are reported in accuracy (Acc), Precision
(Prec), Recall (Rec) and F1. Δ{metric} is computed by subtracting the corresponding performance under no perturbation.→0
indicates that the performance is reduced to zero after the perturbation. ≡ indicates that the performance has not changed. NA
indicates not applicable. F1 being NA happens when the Prec and/or Rec is reduced to 0.

Model Class No Perturbation Character Perturbation Text Replacement Text Removal
Label Acc Prec Rec F1 ΔAcc ΔPrec ΔRec ΔF1 ΔAcc ΔPrec ΔRec ΔF1 ΔAcc ΔPrec ΔRec ΔF1

EANN real 0.578 0.544 0.873 0.668 ↑0.036 ↑0.018 ↑0.050 ↑0.030 ↑0.037 ↑0.021 ↑0.069 ↑0.038 ↑0.031 ↑0.019 ↓0.042 ↑0.003fake 0.727 0.312 0.434 ↑0.084 ↑0.020 ↑0.037 ↑0.123 ↑0.009 ↑0.032 ↓0.002 ↑0.094 ↑0.095

MVAE real 0.679 0.607 0.717 0.658 ↓0.001 ↓0.002 ↓0.001 ↓0.002 ≡ ≡ ≡ ≡ ≡ ≡ ≡ ≡
fake 0.752 0.649 0.697 ≡ ≡ ≡ ≡ ↑0.001 ↑0.001 ≡ ↑0.001 ↑0.001

SpotFake real 0.760 0.939 0.475 0.631 ↑0.003 ↑0.001 ↑0.004 ↑0.004 ↑0.004 ↑0.001 ↑0.007 ↑0.007 ↑0.004 ↑0.001 ↑0.007 ↑0.007fake 0.709 0.976 0.822 ↑0.005 ↑0.001 ↑0.003 ↑0.005 ↑0.001 ↑0.003 ↑0.005 ↑0.001 ↑0.003

Model Class Pixel-wise Perturbation Image Replacement Image Removal Text & Image Perturbation
Label ΔAcc ΔPrec ΔRec ΔF1 ΔAcc ΔPrec ΔRec ΔF1 ΔAcc ΔPrec ΔRec ΔF1 ΔAcc ΔPrec ΔRec ΔF1

EANN real ↓0.113 ↓0.087 ↓0.411 ↓0.208 ↓0.028 →0 →0 NA ↓0.096 ↓0.092 ↓0.210 ↓0.131 ↓0.128 ↓0.088 ↓0.327 ↓0.171fake ↓0.243 ↑0.161 ↑0.044 ↓0.177 ↑0.688 ↑0.276 ↓0.171 ↑0.029 ↓0.011 ↓0.274 ↑0.050 ↓0.032

MVAE real ↓0.022 ↓0.018 ↓0.016 ↓0.018 ↓0.127 →0 →0 NA ↓0.127 →0 →0 NA ↓0.031 ↓0.033 ↓0.033 ↓0.044fake ↓0.014 ↓0.016 ↓0.016 ↓0.200 ↑0.351 ↑0.014 ↓0.200 ↑0.351 ↑0.014 ↓0.030 ↓0.031 ↓0.031

SpotFake real ↓0.033 ↓0.042 ↓0.040 ↓0.042 ↓0.193 →0 →0 NA ↓0.193 →0 →0 NA ↓0.045 ↓0.043 ↓0.044 ↓0.049fake ↓0.030 ↓0.024 ↓0.029 ↓0.142 ↑0.024 ↓0.098 ↓0.142 ↑0.024 ↓0.098 ↓0.039 ↓0.033 ↓0.039

Figure 1:The architecture of GatedVAE , composed of two sets
of VAE encoder and decoder, a gated module and a fake news
classifier. Three types of gate modules that we implement:
(a) unimodal soft gate, (b) multimodal soft gate and (c) RL-
enabled on/off gate. Only implementation (b) controls both
textual and visual inputs.

decoders directly reconstruct unimodal inputs from the sampled
multimodal representation, to ensure that the learned multimodal
representation is substantial and accurate.

4.1.1 Input Embeddings. Input embeddings generated from large
pre-trained models are able to encode abundant contextual informa-
tion. Furthermore, pre-trained models trained on text-image pairs
are a powerful tool to capture the interconnection between visual
and textual inputs. Considering the above merits, we use CLIP [30]
to obtain news image embedding x� , and use LASER [4] to obtain

news text embedding x) . These unimodal embeddings serve as the
inputs to the encoders of our multimodal VAE (which aims to be
reconstructed in decoders later on).

4.1.2 Multimodal VAE. Since the embedding already contains abun-
dant semantic information, there is little need to further extract
contextual information with complex and deep layers in VAE’s
encoders. Thus, we decide to use one linear layer followed by batch
normalization (BN) and dropout (? = 0.2) as the multimodal VAE’s
encoder structure. BN is used to reduce internal covariance shift
[15] by projecting the input to mean of zero and the variance of
1. We apply BN and dropout as they help overcome overfitting.
Formally, the encoder is represented as:

z = x�) + b (1)

z =
z − � [z]√
+0A [z] + n

∗ W + # (2)

where x ∈ {x) , x� }, and z is the learned unimodal latent variable.
The encoder is denoted as @5 (z|x), where 5 denotes parameters of
the encoder, learned through the model training process. The en-
coder can be regarded as making approximate posterior distribution
@5 (z|x) close to prior ?) (z)[23].

Now that we have the textual latent variable z) and visual latent
variable z� . The next step is to find an effective multimodal repre-
sentation. In our approach, the multimodal representation z�+) is
formed through concatenating two unimodal latent variables.

In the subsequent decoding part, ẑ�+) is drawn from the distri-
bution of z�+) , subject to Gaussian distribution. It is then input to
the image and text decoder respectively to reconstruct the input
embeddings, x) and x� . Symmetric to the encoder, the decoder
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also consists of a linear layer followed by batch normalization
and dropout. The decoder is denoted as ?) (x|z), where ) refers
to parameters of the decoder. In other words, the decoder tries to
generate x from latent representation z.

4.2 Gated Mechanism
As mentioned earlier, the textual modality of social media can
be very noisy, sometimes containing non-useful information. A
limitation of the multimodal VAE is that it is insensitive to text
perturbations made in news text. As such, due to the amount of
noisy textual inputs, news text containing useful information might
also be omitted by the model.

This leads us to apply a gated module to the input embedding
of the multimodal VAE, so that it can selectively pass through
meaningful textual input and suppress noisy textual input at an
earlier stage. To achieve this, we implement and compare three
types of gated module: (a) unimodal soft gate; (b) multimodal soft
gate; and (c) RL-enabled on/off gate. The unimodal gate and RL gate
only control the pass of the textual input, while the multimodal
gate controls both textual and visual inputs. The reason why we do
not implement a single gate for the visual input is that the visual
modality is less noisy (Sec. 3). We explore the above three gates in
order to comprehensively understanding the gate design space and
select one that best suits our application scenario. We next describe
these three approaches in detail.

4.2.1 Unimodal Soft Gate. The unimodal soft gate is only applied
to the textual inputs. It is composed of a linear layer and a sigmoid
function (shown in Eq.3).

f (G) = 1
1 + 4G? (−G) (3)

Given the input x) , the gate � (x) ;) ) computes a score 6 be-
tween 0 and 1, which is then multiplied to the original input x) in
Eq. 4. If the gate output is 0, the text input is totally blocked; if the
gate output is 1, the text input is totally passed through. Any value
in the middle can be interpreted as a weight assigned to the text
input.

x′) = 6 ∗ x) = � (x) ;) ) ∗ x) (4)

4.2.2 Multimodal Soft Gate. Similar to the unimodal gate, our mul-
timodal soft gate also consists of a linear layer and a sigmoid func-
tion. However, here the input is the concatenated textual and image
embeddings. Furthermore, both the textual input and image input
is controlled by the gate. Formally, the gate can be expressed as:

x′) = 6 ∗ x) = � ( [x) ;x� ];) ) ∗ x)
x′� = (1 − 6) ∗ x� = (1 −� ( [x) ;x� ];) )) ∗ x�

(5)

4.2.3 RL-enabled on/offGate. Finally, we implement an RL-enabled
on/off gate to simulate the hard pass/stop of text inputs. The gate
consists of two linear layers and softmax function. If the gate out-
puts 1, then the text signal is unaffected. Otherwise the gate outputs
0, which means the text signal is entirely replaced by a zero vector.

x′) =

{
x) if 6 = 1
0 if 6 = 0

(6)

Algorithm 1 Training on/off gate

for 4?>2ℎ ← 1 : 4?>2ℎB do
for : ← 1 : = do

?_?0BB ← ?A4382C (6, x) )
x′
)
← 0

x′
)
← x) with probability ?_?0BB

;>BB_: ← CA08=+�� (x′
)
, x� )

end for
D?30C4�0C4 (60C4, ;>BB_:, ;>BB_10B4;8=4)
D?30C4!>BB�0B4;8=4 (;>BB_:, ;>BB_10B4;8=4)

end for

The soft gate can be trained through gradient descent methods
because it has a continuous mathematical formulation. However,
we cannot use gradient descent methods to update the on/off gate’s
parameters. This is because the set of possible values of 6 is discrete.
Instead, we use the policy gradient descent method to train the
on/off gate. Following [8], we take 4−L (where L is the cross en-
tropy loss (described in Sec. 4.3) from news label prediction) as the
reward signal, since smaller training loss indicates better model per-
formance. We are maximizing the expected reward as represented
in Eq. 7:

� ()6) = �% (6 |x) ;)6 ) [4
−L] (7)

Specifically, we use the REINFORCE algorithm [39] to train the
on/off gate:

∇)6
� ()6) = �% (6 |x) ;)6 ) [∇)6

;>6% (6|x) ;)6) (41−L)] (8)

where1 is themoving average of previous losses, serving as the rein-
forcement baseline [39]. Based on [48], an empirical approximation
of the above quantity is:

∇)6
� ()6) =

1
=

=∑
:=1

[∇)6
;>6% (6|x) ;)6) (41−L: )] (9)

where = is the number of different input datasets the gate samples
(here, we take batches as sampled input datasets), and !: is the cross
entropy loss on the training dataset after the model is trained on
:th sampled set. The training detail of the on/off gate is summarized
in Algorithm 1.

4.3 Training Process
Theabove has explained howwe formulate our input representation.
Next, we introduce how to jointly train the gated VAE and the fake
news detector together.

Suppose our training data is denoted as {x(8 ) }#
8=1 and the learned

latent variable is denoted as z. 5 and ) denote parameters of the
encoder and the decoder, respectively. We want to estimate the true
parameters of the generative model VAE. Therefore, the training
objective is to maximize the (log) likelihood of training data, which
can be expressed in Eq. 10 [19].

log?) (x(8 ) ) = � ! (@5 (z|x(8 ) ) | |?) (z|x(8 ) )) + L() , 5;x(8 ) ) (10)
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The first KL divergence term measures the closeness of the esti-
mated distribution @5 (z|x(8 ) ) and the true distribution ?) (z|x(8 ) ))
(which cannot be computed explicitly because we do not have
knowledge of the true parameters). But since KL divergence is non-
negative, the second term is called the lower bound on the marginal
likelihood of x(8 ) , and can be rewritten as Eq. 11.

L() , 5;x(8 ) ) = −� ! (@5 (z|x(8 ) ) | |?) (z)) + E@5 (z |x(8 ) )
[
log?) (x(8 ) |z)

]
(11)

Combining Eq. 10 and Eq. 11, our VAE’s training objective be-
comes minimizing the KL divergence of @5 (z|x(8 ) ) and ?) (z) and
maximizing the expected log likelihood of x(8 ) (equivalent to mini-
mizing the reconstruction error).

Our fake news detector, � , consists of one fully connected layer
followed by the softmax function. The input to � is the learned
multimodal representation ẑ�+) (see Sec. 4.1.2) and the output~?A43
is {A40;, 5 0:4}. The loss function being used is cross entropy:

LD = −E~∼.
[
~ log~?A43 + (1 − ~) log (1 − ~?A43 )

]
(12)

To put everything together, we calculate the total loss by sum-
ming up the KL divergence, reconstruction errors and the cross
entropy.

L = _� A42� + _) A42) + _:; !� + _�L� (13)
Our experiments show that when setting all lambdas to 1, the

model reaches the best performance. During training, we calculate
gradient descent on L and back propagate it to update the model’s
parameters. The unimodal gate and multimodal gate’s parameters
are updated together with the VAE and fake news detector. The
parameters of the RL gate is updated using Algorithm 1, separate
from the training of the main model.

5 EXPERIMENTAL SETUP
We next present our experimental design to evaluate GatedVAE.

5.1 Datasets
We use two benchmark datasets to evaluate our approach.

5.1.1 Twitter Dataset [6]. This dataset is published by the Verifying
Multimedia Use task at MediaEval. News posts are collected from
Twitter. The labelled dataset consists of a development dataset
(devset) and a test dataset (testset). The devset comprises of 6, 225
real and 9, 596 fake posts related to 17 events; the testset comprises
of 1,107 and 1,121 posts related to 21 events. Posts in this dataset
are associated with text and images/videos, and labelled with either
real or fake. Following [35, 38], we preprocess the data by pairing
each post’s text with its first associated image, and removing posts
that do not have an image, or the image file does not exist. After
preprocessing, the devset contains 13, 407 posts (real: 5, 860, fake:
7, 547), the test set contains 1, 040 (real: 450, fake: 590) posts.

5.1.2 Weibo Dataset [16]. This dataset is collected fromWeibo, the
largest Chinese social media platform. Posts are crawled on the
official rumor debunking system of Weibo. The original training
and testing sets contain a number of tweets approximately with

a ratio of 8:2. Posts in this dataset are associated with text and
images, and labelled with either real or fake. We preprocess Weibo
by pairing each post’s text with its first associated image appearing
in the image folder (otherwise the label distribution is extremely
unbalanced), and removing posts whose image files do not exist.
After preprocessing, the training set contains 6, 154 (real: 2, 807,
fake: 3, 347) posts, the test set contains 1, 699 (real: 835, fake: 864)
posts.

5.2 Baseline Methods
We compare our model’s performance with the following SOTA
baseline models:

BERT [10] is a pre-trained language model built upon trans-
former encoders.We adopt the BERT base uncasedmodel pretrained
in English and Chinese, followed by a fully connected layer (768
hidden units) as a classifier.

VGG-19 [33] is an image classification network built upon CNN
layers. We adopt the VGG-19 pretrained on ImageNet dataset and
change the output channel to 2 in the last fully connected layer.

EANN [38] is an end-to-end multimodal fake news detection
framework that can derive event-invariant features and thus benefit
the detection of fake news on newly arrived events.

MVAE [18] is a multimodal fake news classifier that uses a
bimodal variational autoencoder coupled with a binary classifier to
detect fake news.

SpotFake [35] is a multimodal framework that combines text
features learned from language model and image features learned
from vision model to detect fake news.

MCNN [43] is a multimodal framework for fake news detection
that considers the consistency of multimodal data and captures the
overall characteristics of social media information.

MCAN [41] is a multimodal framework for fake news detec-
tion. It is build upon layers of multimodal fusion with co-attention
networks.

SAFE [47] is a similarity-aware fake news detection method
which investigate multimodal information of news articles.

CAFE [9] is an ambiguity-aware multimodal fake news detec-
tion method that leverages the ambiguity between text and image
to dynamically adjust the weight of unimodal and cross-modal
features.

Note, for models (i.e. BERT, VGG-19, SpotFake, MCAN) that
have publicly available code, we re-run their model with default
configurations. For models (i.e. MCNN, SAFE, CAFE) that we fail to
acquire complete source code for, and models (i.e. EANN, MVAE)
whose reproduced performances are much lower than their re-
ported results, for fair comparison, we use their original reported
performance in comparison to our approach.

5.3 Implementation Details
We use CLIP [30] to obtain news image embedding x� of size 512,
and LASER [4] to obtain news text embedding x) of size 1024.
The latent variable z�+) ’s size is set to 512. For both image and
text encoder, we set the number of hidden units to 256. We set
the dropout rate to 0.2 (experimented with {0.2, 0.5, 0.8}) and the
batch size to 64. Similarly, in the image and text decoder, we set
the number of hidden units to 512 and 1024 respectively, and the
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dropout rate is set to 0.2. For the fake news classifier, the number
of hidden units is set to 2 followed by the softmax function.

The model is trained using the Adam optimizer with weight
decay set to 1e-5. In addition, the initial learning rate is 1e-4 and
divided by 4 every 8 epochs. The model is trained for 30 epochs
with early stopping.

For both the unmidoal and multimodal soft gates, we set the num-
ber of hidden units to 1. The RL-enabled on/off gate is implemented
as a neural network consisting of two linear layers with hidden
units set to 32 and 2 respectively. Sigmoid activation is applied after
the first linear layer. The number of samples = at each training step
is set to the batch size. The RL-enabled on/off gate is trained using
Adam optimizer with weight decay set to 1e-8 and learning rate set
to 1e-4.

6 RESULTS AND ANALYSIS
Based on the above experimental setup, we next evaluate GatedVAE,
before investigating key factors related to the performance.

6.1 Experimental Results
Tab. 3 presents the evaluation results of GatedVAE, as well as the
baseline approaches. We report the performance of our approach
using the three proposed gates in Tab. 3.

On both datasets, our proposed GatedVAE outperforms the base-
line models across most metrics. Notably, GatedVAEmulti achieves
the highest recall of 90.5% (10.6% improvement) on the Twitter
dataset. In addition, GatedVAEuni attains the highest F1 and accu-
racy on the Twitter dataset: we improve upon the SOTA by 3.7% in
F1 and 1.1% in accuracy. GatedVAEuni also outperforms the SOTA
on the Weibo dataset. Here, we improve the F1, accuracy, precision,
and recall by 2.4%, 2.5%, 1.8%, and 1.6%, respectively. Across all
experiments, the highest precision is achieved by GatedVAEuni on
the Weibo dataset (90.2%). Further, our model has superior perfor-
mance in recall, suggesting that it is better in identifying a wider
range of fake news. That is to say, if deployed in the wild, our model
can better reduce the load on human content moderators. Last, the
intra-model comparison shows that RL-enabled gate (Sec. 4.2.3) has
the poorest performance on both datasets. This suggests that an
RL-enabled gate will not be useful in practice.

To show that our approach is able to address the challenges
identified in Sec. 3, we repeat the perturbation experiments. on
GatedVAEuni. The results are shown in Tab. 4. In contrast to pre-
vious SOTA (Sec. 3) which are insensitive to textual perturbations
(Tab. 2), GatedVAEuni sees obvious performance (1.5%, 6.4%, 6.4% in
Acc) change. We argue that this confirms our approach’s efficacy in
filtering out noise in textual inputs, while retaining the sensitivity
to image perturbations.

The reason that ourmodel’s performance levels surpass the SOTA
on most metrics are two-fold. First, the gate module in our multi-
modal VAE is effective in addressing noise in textual inputs, which
helps the model to effectively fuse multimodal information. Second,
batch normalization and dropout help reduce the model’s overfit-
ting on the training set. In the following ablation study, we design
and conduct experiments to further verify the above reasoning.

Table 3: Comparison of our proposed approach with uni-
modal and multimodal baselines on test set. Numbers are
reported in accuracy (Acc), Precision (Prec), Recall (Rec) and
F1. The best scores are highlighted in bold.

Dataset Model Acc Prec Rec F1

Twitter

BERT 0.563 0.565 0.682 0.618
VGG-19 0.567 0.567 0.613 0.589
EANN 0.715 0.822 0.638 0.719
MVAE 0.745 0.745 0.748 0.744
SpotFake 0.760 0.808 0.759 0.783
MCNN 0.784 0.814 0.850 0.831
MCAN 0.803 0.863 0.751 0.803
SAFE 0.766 0.777 0.795 0.786
CAFE 0.806 0.807 0.799 0.803

GatedVAEuni (ours) 0.817 0.798 0.888 0.840
GatedVAEmulti (ours) 0.798 0.767 0.905 0.831
GatedVAERL (ours) 0.734 0.658 0.793 0.685

Weibo

BERT 0.799 0.777 0.829 0.802
VGG-19 0.635 0.643 0.634 0.639
EANN 0.827 0.847 0.812 0.829
MVAE 0.824 0.830 0.822 0.823
SpotFake 0.854 0.884 0.821 0.851
MCNN 0.832 0.858 0.801 0.828
MCAN 0.848 0.868 0.840 0.854
SAFE 0.816 0.818 0.815 0.817
CAFE 0.840 0.855 0.830 0.842

GatedVAEuni (ours) 0.879 0.902 0.856 0.878
GatedVAEmulti (ours) 0.877 0.900 0.853 0.876
GatedVAERL (ours) 0.756 0.747 0.692 0.767

Table 4: Results of the perturbation experiments on
GatedVAEuni.

Original P1 P2 P3
Acc F1 ΔAcc ΔF1 ΔAcc ΔF1 ΔAcc ΔF1

0.817 0.840 ↓0.015 ↓0.004 ↓0.064 ↓0.021 ↓0.064 ↓0.021
P4 P5 P6 P7

Acc F1 ΔAcc ΔF1 ΔAcc ΔF1 ΔAcc ΔF1

↓0.147 ↓0.162 ↓0.264 ↓0.135 ↓0.191 ↓0.132 ↓0.159 ↓0.176

6.2 Ablation Study
We next perform an ablation study on the different modules in
GatedVAE, demonstrating that our gating mechanism and methods
to reduce overfitting are both important for multimodal fake news
detection. Specifically, we ablate (denoted as -) BN, dropout and
gated module successively, and replace (denoted as /) the gated
module with a simple text preprocessing mechanism that removes
hashtags, URLs, and emoticons from the text. The evaluation results
are summarized in Table 5. The base GatedVAE is GatedVAEuni,
which performs the best (see Tab. 3) across all GatedVAE variants.
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Table 5: Ablation study on the batch normalization (BN) layer,
dropout and gated module of GatedVAE. Numbers are accu-
racy (Acc), Precision (Prec), Recall (Rec), F1.

Dataset Method Acc Prec Rec F1

Twitter

(-) BN 0.757 0.775 0.807 0.791
(-) dropout 0.781 0.776 0.862 0.817
(-) uni-gate 0.790 0.776 0.886 0.827
(/) preprocessing 0.758 0.956 0.846 0.798
GatedVAEuni 0.817 0.798 0.888 0.840

Weibo

(-) BN 0.872 0.869 0.881 0.875
(-) dropout 0.872 0.884 0.862 0.873
(-) uni-gate 0.871 0.877 0.869 0.873
(/) preprocessing 0.835 0.927 0.734 0.819
GatedVAEuni 0.879 0.902 0.856 0.878

On the Twitter dataset, we observe that removing BN from the
VAE encoders and decoders significantly decreases accuracy (6%).
It further triggers a 2.3%− 8.1% decrease in precision, recall and F1,
respectively. Likewise, removing the dropout operation causes a
2.7% decrease in accuracy (0.2% − 2.2% decrease in precision, recall
and F1). Nevertheless, we find that the model’s performance on
the training set remains unaffected (still reaching 99%), suggesting
that overfitting is a key issue in fake news detection. On the Weibo
dataset, ablating BN and dropout causes a smaller change in our
model’s performance (within 1%). Although the precision drops by
around 3% in these two settings, the increase in recall compensates
for it. This causes F1 to drop by only 0.3%.

We observe similar degradation when removing the gated mod-
ule from GatedVAEuni: a 2.7% and 0.8% performance drop in accu-
racy on Twitter and Weibo, respectively. For all the other metrics,
the performance drop ranges from 0.2%−2.5%, except for a 1.3% im-
provement on recall on theWeibo dataset. Furthermore, if replacing
the proposed gated module with a simple text preprocessing mech-
anism, we see an obvious performance decrease on both datasets.

The above results confirm the efficacy of BN, dropout operations
and gated module. However, we note that in most cases, the tech-
niques are less effective on the Weibo dataset. We conjecture that
this is because the text is less noisy in the latter (when compared
to Twitter). To briefly explore this, for both datasets, we calculate a
set of exemplar features that we consider to be noise (see Tab. 1).
Tab. 6 summarizes the results. Confirming our conjecture, we find
that posts in the Twitter dataset do exhibit noisier characteristics:
they comprise of fewer words, more hashtags, more URLs and more
emojis. This indicates that the Twitter dataset indeed contains more
noise and that GatedVAE can effectively deal with this challenge.

6.3 Interpreting the Gates Outputs
Previously, we have shown that introducing the gated module posi-
tively contributes to the model’s performance. In this subsection,
we further investigate the output score generated from the gated
modules to better understand the modality importance.

Table 6: Measurement of noise level in Twitter and Weibo
datasets.

Feature (per post) Twitter Weibo

Avg text length 12.10 66.57
Avg # hashtags 1.394 0.435
Avg # URLs 1.084 0.002

Avg # emoticons 0.0581 0.0009

In Fig. 2, we plot the output score distribution of the gated mod-
ules on the two datasets.2 Fig. 2(a) and 2(b) are generated from
the unimodal gate. First, we note that both score ranges are very
narrow, centering around 0.55; the score range on the Twitter test-
ing set (in blue) is even narrower compared to the Weibo testing
set (in red). Meanwhile, the former has a lower average score. We
hypothesize that this discrepancy is resulting from different signal-
to-noise ratios. Specifically, on Twitter, the textual inputs contain
more noise (see Tab. 6); as such, the unimodal gate outputs lower
scores to suppress the textual inputs. Fig. 2(c) and 2(d) present the
scores generated from the multimodal soft gate. Recall that the
score, 6, represents the weight assigned to the textual inputs, while
1-6 represents the weight assigned to the visual input (Sec. 4.2.3). In
Fig. 2(c), the distribution is right skewed, indicating that the gate de-
termines that the visual inputs weigh more than the textual inputs
for the Twitter dataset. This is in line with our prior observations
that text in Twitter contains more noise (see Tab. 6). In contrast,
Fig. 2(d) reveals that the distribution of Weibo is close to a normal
distribution with a mean around 0.5. This further confirms that the
textual modality in the Weibo dataset is just as important as the
visual modality. To explore this, we manually inspect a sample of
25 images from both Twitter and Weibo. We argue that this sample
size offers a reasonable balance between representativity and the
manual labour required. Our manual inspection reveals that, indeed,
Twitter images tend to be narrower in event scope and more related
to the news item at hand. In contrast, images within the Weibo
dataset are far more diverse, with noticeable noise (e.g. unrelated
images or cartoons). This again highlights the ability of GatedVAE
to adaptively suppress different levels of noise contained in the
news’ text from social media dataset. We conjecture that the noise
level difference in datasets is driven primarily by the two collect-
ing methodologies employed (whereas the Twitter dataset covers a
curated set of news events, the Weibo dataset covers a sample of
any news event discussed during the measurement period).

6.4 Case Study
We investigate the scores output by gated modules to better high-
light why news items receive different gated scores and discuss
how scores assist in deciding the veracity of news items. Due to
space constraints, we only discuss four representative news items
in Fig. 3 and 4. We emphasize that these examples are only intended
to offer context for our prior results.

2Note, we do not plot histograms for the on/off gate because we find that the outputs
have very small variance, allowing the gate to block all textual inputs. This further
shows that an on/off gate does not fit well for the two datasets we use, and totally
removing textual inputs largely harms the model performance.
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(a) Unimodal gate on Twitter (b) Unimodal gate on Weibo

(c) Multimodal gate on Twitter (d) Multimodal gate on Weibo

Figure 2: Histograms (bin=25) of scores output by the uni-
modal soft gate and multimodal soft gate. Blue stands for
Twitter testing set, red for Weibo testing set.

(a) News text:Willkommen..‼
http://t.co/yLvLNMr1pW
Uni: 0.5245 Multi: 0.0673

(b) News text: Retweeted
Cute Animal Pics (@CuteAni-
malsBaby):The incredibly rare
Black Lion, only a few of these
exist… https://t.co/283cgcccKB
Uni: 0.5463 Multi: 0.0885

Figure 3: Two Twitter fake news items respectively assigned
with low and high (relatively) score by the unimodal gate, but
assigned with similarly low score by the multimodal gate.

We first consider the unimodal gate. We find that GatedVAEuni
tends to give higher scores to the post that has longer text and is
more relevant to the news event it describes (Fig. 3(b) and 4(b)). In
contrast, Fig. 3(a) and 4(a) receive relatively low scores from the
unimodal gate; this is largely due to their short and less meaningful
textual contents. This observation implies that the noise level on
text does not vary a lot across different posts. However, it can serve
as a factor guiding human moderators (when checking the text
meaningfulness) to pinpoint the modality component that causes
the news to be considered fake.

We also inspect the outputs of the multimodal gate, which con-
siders the relative importance of both the textual and visual inputs.
By comparing the selected four examples, we see that, if the image
delivers a clear message, then it tends to receive a higher score;
otherwise it gets a lower score. To highlight its operation, we use

(a) News text: Cry-
ing for a while
Uni: 0.5255 Multi: 0.3518

(b) News text: …we bought
potato chips from 50 brands
and give our ranking of
chip flavours…(truncated)
Uni: 0.6053 Multi: 0.1399

Figure 4: TwoWeibo real news items respectively assigned
with low and high (relatively) score by the unimodal/multi-
modal gate.

the news events in Fig. 3(a) and 3(b) as examples: the Paris Attack
and the Black Lion. The semantic information contained within the
news images provides enough information to determine whether
the news is fake or not. This is likely why the textual inputs receives
very low scores from the multimodal gate. In contrast, Fig. 4(a) and
4(b) conveys less comprehensible information (4(a) is even vaguer).
In this scenario, the model credits higher weights to the textual
inputs. Although the multimodal gate underperforms the unimodal
gate, while deployed in the wild, it has value in directing human
moderator’s attention towards the corresponding modality that
may cause the news to be fake.

We argue that this small set of examples helps shed light on our
model’s mechanism, which dynamically determines the weights
assigned to different modalities based on its semantic importance.
This also enables our model to obtain state-of-the-art performance.

7 CONCLUSION AND FUTUREWORK
This paper has proposed GatedVAE, a multimodal VAE fake news
detector, coupled with a gated module, that can dynamically de-
cide whether to pass through the noisy modality. Our experimental
results show that GatedVAE not only obtains state-of-the-art per-
formance (0.840 and 0.878 in terms of F1) on benchmark datasets,
but also explains the decision making mechanism through the lens
of the gated module. These advantages enable GatedVAE to better
detect fake news and guide web content moderators to pinpoint
the problematic modality input. We argue that such explanations
are increasingly important in real-world scenarios.

We also note a set of limitations, which form the basis of our
future work. First, we recognize that the RL-based gate is not as
effective as the other proposed gates. We include it in order to
make the solution space exploration more complete, and provide
reference to future work (as it could be useful on other tasks). For
example, it may be more suitable for temporal-based multimodal
fake news detection where not every frame contributes equally
(e.g. fake news video). Second, we note that our study has focused
on two platforms, covering a relatively small set of events. In our
future work, we plan to incorporate GatedVAE with contrastive
learning and/or adversarial learning to enable domain adaptive
multimodal fake news classification.
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