










Figure 1: Proposed multilingual multimodal misinformation detection model

to train the novelty model. We mathematically de-
fine the loss function in Equation 2. Here, I is the
set of indices of the target (anchor); P is the set
of positive samples (samples of the same class of
anchor), � is a scalar parameter.
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4.2 Image Emotion Prediction

Emotional appeal in the news content plays an in-
evitable role for the spread of false information.
A number of prior works on misinformation de-
tection have investigated textual emotions but the
visual emotion is still under-explored. In the era of
multimedia information, visual emotion convince
people to believe in false information much com-
pared to the textual emotion. Motivated by this, we
design a neural network-based visual emotion clas-
sification model to obtain the emotion-aware visual
feature representation. For pre-training this net-
work, we use the combined form of UnbiasedEmo
(Panda et al., 2018) and ArtPhoto (Machajdik and
Hanbury, 2010) datasets. The instances of the com-
bined datasets are associated with six emotion la-
bels viz. joy, love, sadness, fear, surprise, and anger.
The study presented by MIT scholars has proved
that false rumors usually inspire replies express-
ing greater surprise, fear and disgust. On the other
hand, the true stories inspire greater sadness, an-
ticipation, joy, and trust. Motivated by this investi-
gation, we have kept surprise, fear and disgust in
one group and sadness, anticipation, joy, and trust
in another group. Categorizing these emotions re-
flects the news characteristics, which shorten the
decision boundary. The dataset that we are using

for visual emotion prediction is also highly imbal-
anced. This is also a major reason for grouping
the emotion instances into binary classes. For our
experiments, we follow Kumari et al. (2021a) to
consider two emotion labels, emotion true which is
formed by combining joy, love, and sadness labels;
and emotion false which is formed by the combina-
tion of fear, surprise, and anger. Given a set of n
images I = (I1, .., In), and their emotion labels EL
= (EL1, .., ELn), we encode each image ELi using
ResNet18 to the model and pass this encoded im-
age representation through a Multilayer Perceptron
(MLP) network that consists of two hidden layers
with 1024 and 512 neurons and one output layer
with two neurons and a softmax classifier function.
Since the number of instances in each emotion
class is not balanced, we optimize the weighted
cross-entropy loss during training. After training
this emotion model, we predict the emotion labels
of images present in the developed dataset.

4.3 Misinformation Detection

After pre-training the novelty model, we extract
the 512-dimensional feature representations for the
source and target then concatenate them to obtain
multimodal representation. We project this fused
representation into 512-dimensional feature space
and use it as a novelty-aware multimodal feature
representation to develop our fake news detection
model. We also extract 512-dimensional emotion-
aware visual feature representations from a pre-
trained image emotion model. At last, we concate-
nate novelty and emotion-aware representations.

After obtaining novelty-aware multimodal repre-
sentation and emotion-aware visual representation,
we concatenate and pass them to MLP that con-
tains two hidden layers and an output layer with
a softmax function to classify the news as fake or
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real. We optimize the cross-entropy loss to train
our fake news detection model.

5 Experiments and Results

This section presents experimental setup, baseline,
results, case studies and error analysis.

5.1 Experimental Setup
We perform all the experiments with one NVIDIA
GeForce RTX GPU and 11GB of RAM using the
Pytorch library. We train the baseline models for
100 epochs using the Adam optimizer with 128
batch size. We pre-train the contrastive learning
framework for 1000 epochs using LARS optimizer
for Stochastic Gradient Descent (SGD) with 512
batch size, which takes approximately 10 minutes.
The emotion model is pre-trained using Adam op-
timizer with 128 batches in 10 minutes, with 100
epochs. We train the final proposed model using
the Adam optimizer for 100 epochs for a batch size
of 128 which takes approximately 15 minutes.

5.2 Baselines and Comparing Systems
We design some baseline models for validating the
performance of our proposed model. We show
the results of the proposed and baseline models in
Table 3. Apart from these, we also implement the
state-of-the-art systems like MLBViT and EANN
for the comparison where we feed target text and
target image in multimodal feature extractor and
use MultilingualBert in place of Text-CNN. We
show the results of these comparing systems in
Table 2.

Model Hindi Bengali Tamil MMM
FS Acc FS Acc FS Acc FS Acc

MLBViT .723 .735 .748 .758 .743 .752 .775 .780
EANN .833 .822 .845 .856 .870 .883 .855 .868
MVEN .939 .938 .946 .945 .946 .946 .955 .956

Table 2: Results of comparing systems. Here, MVEN
is our proposed Multilingual + VisualEmo + Novelty
model; MLBViT: MultiLingualBert + Vision Trans-
former

MLBERT+ResNet: We encode textual and vi-
sual information of target using pre-trained Multi-
lingualBERT (Devlin et al., 2018) and pre-trained
ResNet18 model (He et al., 2016), respectively. We
concatenate the textual and visual representations
to obtain multimodal representations and pass this
target multimodal representation to MLP network
that consists of two hidden layers and one output
layer with a softmax function.

MLBERT+ResNet (WBG): We encode the tex-
tual and visual information for source and target
both similar to the previous baseline model. We
concatenate source and target multimodal repre-
sentation and pass it to MLP network that consists
of two hidden layers and one output layer with a
softmax classifier function. Thus, in this baseline
we also consider source information along with the
target information.

Unimodal + VisualEmo: In this model, we en-
code the target text information using Multilingual-
BERT and compute target image emotion using
the method, similar to proposed model. We pass
the textual representation and emotion aware vi-
sual representation to MLP network for the final
classification.

Multimodal + VisualEmo: In visualEmo
model, we compute the visual emotion similar to
the previous baseline. We pass this emotion aware
visual representation and source multimodal repre-
sentation to MLP with Softmax classifier function
for the final classification.

Multimodal + Novelty: In novelty model, we
implement the proposed framework without emo-
tion module. We apply SCL between source and
target multimodal representation to compute the
novelty aware representation. We only pass the nov-
elty aware multimodal representation to the MLP
with Softmax classifier function.

5.3 Results and Discussion

The results of the baseline models and our pro-
posed model are shown in Table 3. We report the
result for our developed MMM dataset and also
for Hindi, Bengali and Tamil language dataset sep-
arately. As shown in Table 3, the Multilingual
+ ResNet (WBG) model performs better than the
Multilingual + ResNet model for all the datasets
which show the importance of background knowl-
edge. Multimodal + VisualEmo model produces
better results than Multilingual + ResNet model.
In addition, the Multimodal + VisualEmo model
performs better than the Unimodal + VisualEmo
model. The above three factors assist us in con-
cluding that background knowledge, emotion, and
multimodality effectively help in fake news predic-
tion. In comparison to the background knowledge
framework, we obtain a 2.46 accuracy improve-
ment when we use the Multimodal + Novelty model.
We can therefore prove that our contrastive learning
methodology helps to detect fake news. Compared
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Model Dataset Fake F1 Real F1 Acc WA Model Dataset Fake F1 Real F1 Acc WA

MLBERT
+
ResNet

Hindi 0.668 0.722 0.697 0.695 MLBERT
+
ResNet(WBG)

Hindi 0.876 0.889 0.876 0.883
Bengali 0.627 0.813 0.751 0.734 Bengali 0.866 0.879 0.867 0.873
Tamil 0.666 0.812 0.759 0.750 Tamil 0.872 0.885 0.873 0.880
MMM 0.703 0.765 0.737 0.737 MMM 0.886 0.901 0.886 0.895

Unimodal
+
VisualEmo

Hindi 0.813 0.837 0.819 0.826 Multimodal
+
VisualEmo

Hindi 0.861 0.874 0.860 0.868
Bengali 0.791 0.817 0.799 0.805 Bengali 0.840 0.859 0.848 0.851
Tamil 0.801 0.826 0.807 0.841 Tamil 0.846 0.836 0.833 0.846
MMM 0.808 0.851 0.834 0.830 MMM 0.857 0.858 0.857 0.857

Multimodal
+
Novelty

Hindi 0.919 0.928 0.914 0.925 Multimodal
+ VisualEmo
+ Novelty

Hindi 0.934 0.942 0.938 0.939
Bengali 0.900 0.917 0.904 0.910 Bengali 0.939 0.950 0.945 0.946
Tamil 0.902 0.911 0.899 0.905 Tamil 0.940 0.951 0.946 0.946
MMM 0.907 0.926 0.910 0.920 MMM 0.949 0.960 0.956 0.955

Table 3: Results of the proposed model and its ablated versions. Here, Multimodal + VisualEmo + Novelty is our
proposed model; F1: F1 score, Acc: Accuracy, MA: Macro Average, WA: Weighted Average.

to the Multilingual + ResNet baseline model, our
final proposed model (Multimodal + VisualEmo
+ Novelty) achieves 21.77 accuracy improvement.
Hence, our final proposed architecture that utilizes
novelty and emotion outperforms all of the base-
lines and produces the most effective results. We
also obtain an 8.8 accuracy improvement over the
EANN model.

McNemar significance test (Pembury Smith and
Ruxton, 2020) is a well-known statistical test to
analyze statistical significance of the differences in
classifier’s performance. In our work, we also want
to prove that the proposed model is comparatively
significant with a larger margin than the baseline
models. Therefore, we use the McNemar signifi-
cance test to compute the significance difference
between our proposed model and EANN model
and obtain p-values 7.3*E-3 that are less than the
threshold p-value i.e. 0.05 for rejection of the null
hypothesis. It shows that our result is significant.

5.4 Case Studies and Error Analysis

We perform a detailed analysis in Figure 2 to show
the efficacy of our background knowledge, nov-
elty, emotion and multi-modality. First example
shows that concatenation of background Knowl-
edge (source text) with target text help the model to
predict accurately. In the second example, source
text and target text describe that location of target
image is Pakistan and Kolkata, respectively. This
mismatch in location is easily detected by Multi-
modal + Novelty model which use supervised con-
trastive learning. In the third example, emotion of
target image is joy which is more inclined towards
real news so the proposed model with novelty and
emotion predicts it accurately. In the last example,
visual features of target and source images with
source and target text help the model to predict
accurately which shows how significant the role
multi-modality plays.

We show some examples in Figure 3, which are
misclassified by our proposed model. For the first
example, the target image shows Avni Chaturvedi,
but the target text claims that the image shows
Urvisha Jariwala, which is incorrect. Multimodal +
Novelty model focuses solely on novelty and cap-
ture the mismatch in source and target text and
correctly predicts fake news, but Multimodal + Vi-
sualEmo + Novelty model gives the wrong pre-
diction because emotion associated with this im-
age is joy which is an attribute of true news, so it
misleads the model. In the second example, the
model with novelty and emotion performs better
than with model that doesbackground knowledge
(WBG) model. Novelty emotion model can flag
this news as fake based on the source text collected
which clearly states that the original image was
an old image and taken in 2014s. However, the
mismatch between source and target text is not
noticeable with background knowledge model, re-
sulting in incorrect predictions. For the last ex-
ample, Multimodal + VisualEmo model performs
well than our proposed model. With novelty and
emotion, we see that the source text and target text
both give some information about covid-19 but the
source text has some additional information about
the election while the target text gives more em-
phasis on symptoms which mislead the model and
contrastive learning takes it away from the main
subject.

6 Conclusion

In this paper we solve the problem of multilingual
multimodal misinformation detection in three In-
dian languages, Hindi, Bengali and Tamil. Now-
a-days, same image is used in different textual
context to mislead the reader. To address this
problem, first, we have created our Multilingual
Multimodal Misinformation dataset and then we
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Figure 2: Some case studies where model 2 correctly classifies the misinformation. Here, GTL: Ground Truth Label,
Model 1 Output and Model 2 Output are the different models output shown in that particular column.

Figure 3: Error analysis on some examples which are misclassified.

have performed experiments on Multilinguality,
Background knowledge, Emotion, Multimodality
and Novelty to see the effect. We have built a
novel framework based on novelty and emotion
which outperform all the baseline and state-of-the-
art models. Further, We want to extend our current
work in following direction to prevent the spread
of misinformation: (i). by including additional
low-resources language; (ii). by addressing cross-
lingual and code-mixed based resources and mech-
anisms; and (iii). by incorporating explainability
in the model.
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Gaël Guibon, Liana Ermakova, Hosni Seffih, Anton
Firsov, and Guillaume Le Noé-Bienvenu. 2019. Mul-
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A Data Statistics

We have also computed the average and median
length of the source and target text for Hindi, Ben-
gali, Tamil and MMM datasets shown in Table 4.
The average target text length of the Tamil language
is smaller than other languages.

B Data Collection Flow Diagram

Figure 4 shows the complete data preparation flow
diagram we have followed to collect background
knowledge. We collect the target instances of our
MMM dataset using the following flow diagram:

C Multilingual analysis

We also tested the trained model on language
which is not included in the training process, as
a zero-shot experiment. For this, we make three
groups of dataset Hindi+Bengali, Bengali+Tamil,
Tamil+Hindi and train the model on each group.
Finally, we test the model on different combina-
tion of unseen and seen language. This experiment
shows that the model can be generalized for an un-
seen language also by using language-independent
features.

1.) Firstly, we test the model on Tamil, Hindi,
and Bengali languages, which the model does not
see during training. This experiment shows that
the model can also be generalized for an unseen
language by using language-independent features.
The first section of Table 5 Multilingual train-
ing with Monolingual testing on unseen language
shows the model’s performance is the least when
it is evaluated on the test set of Tamil data. This is
because Hindi and Bengali belong to the same lan-
guage family, i.e., the Indo-Aryan language family.
In contrast, Tamil belongs to the Dravidian lan-
guage family, resulting in less generalization of the
model.

2.) We also test the model with test data, having
all three language. It means this time; we consider
both seen language and unseen language. The sec-
ond section of Table 5 Multilingual training with
Multilingual testing on seen and unseen language
shows that model is performing slightly better than
the first section of table 5 because training data
include seen language also.

3.) The third section of Table 5 depicts the re-
sults for Multilingual training with Monolingual
testing on seen language. Here, we train the model
in two-step viz. i). We train the model with three

language groups having two languages in each
group and train the model with each group’s lan-
guage, respectively and ii). we train the model with
all three languages and feed monolingual test data
for all three languages.

D Translated version of case studies and
error analysis

We have also translated case studies and error anal-
ysis into English language in Figure 5 and Figure 6
respectively so that everyone can understand it.
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Dataset Length Target Source 1 Source 2 Source 3 Source 4

Hindi Average 103.22 1668.44 779.52 637.48 586.46
Median 26 805.5 576 540 479

Bengali Average 68.69 1964.26 584 471.07 403.81
Median 12 772 396 367 302

Tamil Average 37.43 1298.07 518.2 487.31 380.61
Median 8 512 281 268 217

MMM Average 87.93 1650.59 710.7 590.41 528.27
Median 22 743.5 509 469 402

Table 4: Dataset statistics on Source and Target text length

Figure 4: Flow diagram to collect source information from each target instance

Figure 5: Some case studies where model 2 correctly classifies the misinformation. Here, GTL: Ground Truth Label,
Model 1 Output and Model 2 Output are the different models output shown in that particular column.
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Train Test Fake Real Acc MA WAP R F1 P R F1
Multilingual training with Monolingual testing on unseen language

H+B T 0.880 0.871 0.875 0.893 0.900 0.896 0.894 0.886 0.885
B+T H 0.892 0.889 0.891 0.907 0.910 0.908 0.918 0.899 0.903
T+H B 0.878 0.868 0.873 0.890 0.899 0.894 0.906 0.884 0.883

Multilingual training with Multilingual testing on seen and unseen language
H+B H+B+T 0.9305 0.915 0.920 0.925 0.942 0.934 0.927 0.927 0.927
B+T H+B+T 0.935 0.904 0.919 0.922 0.941 0.931 0.926 0.925 0.926
T+H H+B+T 0.9297 0.899 0.914 0.917 0.942 0.930 0.923 0.922 0.923

Multilingual training with Monolingual testing on seen language
H+B H 0.937 0.941 0.939 0.950 0.946 0.948 0.944 0.944 0.944
H+B B 0.936 0.931 0.933 0.942 0.935 0.943 0.939 0.938 0.939
B+T B 0.935 0.919 0.925 0.944 0.968 0.956 0.942 0.940 0.941
B+T T 0.931 0.920 0.925 0.933 0.942 0.938 0.932 0.932 0.932
T+H H 0.936 0.925 0.931 0.938 0.947 0.942 0.937 0.936 0.937
T+H T 0.930 0.915 0.923 0.929 0.936 0.933 0.930 0.928 0.930
H+B+T H 0.951 0.931 0.941 0.957 0.972 0.964 0.954 0.953 0.952
H+B+T B 0.952 0.936 0.944 0.947 0.957 0.952 0.949 0.948 0.948
H+B+T T 0.9526 0.946 0.949 0.955 0.962 0.958 0.954 0.953 0.954

Table 5: Results on a different combination of training and testing language; Here P, R, F-S are Precision, Recall and
F1 score, respectively; Acc: Accuracy, MA: Macro Average, WA: Weighted Average; H:Hindi, B:Bengali, T:Tamil

Figure 6: Error analysis on some examples which are misclassified.


