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ABSTRACT

Multi-modal fusion aims to capture the semantic interactions
between different modalities for many downstream classifi-
cation tasks. However, previous work usually considers that
each modality contributes equal information to the final clas-
sification and extracts the global features of each modality for
fusion. In this paper, inspired by these two observations, we
propose a generic Hierarchical Global-Local feature fusion
Network (HGLNet) for multi-modal classification. Specifi-
cally, HGLNet has three merits compared to the current work.
(1) HGLNet proposes a Global Gated Attention (GGA) mod-
ule, which adaptively generates weights that represent the
contributions of different modalities. (2) HGLNet presents a
novel Cross Residual Transformer (CRT) module to capture
the fine-grained local interactions. (3) HGLNet utilizes hi-
erarchical information for multi-modal fusion. Extensive ex-
periments on three public datasets demonstrate that HGLNet
achieves competitive performance against the state-of-the-art
methods for three kinds of multi-modal classification tasks.

Index Terms— Multi-modal fusion, global gated atten-
tion, cross residual transformer, classification

1. INTRODUCTION

With the development of social media (e.g., Weibo, Twit-
ter), various large-scale multimedia data (e.g., text and im-
ages) have emerged on social media explosively. Meanwhile,
this trend also brings unprecedented challenges for multi-
modal classification [1, 2]. Currently, multi-modal classifi-
cation tasks usually include multi-modal fake news detection
[3], multi-modal sentiment analysis [4], multi-modal tweet
classification [5, 6], etc., all of which are research hot-spots
in the area of multimedia. For example, Figure 1 shows two
tweets sampled from Weibo. We can observe that the predic-
tion based on textual modality is correct in tweet (a). How-
ever, in tweet (b), the prediction based on visual modality is
matched with the ground truth. Therefore, it cannot predict
the correct label and fails to convey sufficient semantics for
classification by only single-modality. In addition, we can no-
tice that the probability value indicated by each modality for
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Prediction
Probability

Reading is a kind of 
enjoyment, 

Just like travling, there 
are scenery everywhere.

Reading Scenery
√  

The ground-truth of above bi-modalitiy is reading .

It's so hard to 
win this 

competition.

Sport Game
√  

The ground-truth of above bi-modalitiy is game .

(a) (b)

Prediction
Probability

0.6 0.4 0.2 0.8 0.7 0.3 0.90.1

Fig. 1. An example of multi-modal classification.

the corresponding label is unequal, which shows that the se-
mantics contained in each modality are inconsistent. This pa-
per aims at exploiting textual and visual information to tackle
various downstream tasks of multi-modal classification.

Compared to the traditional classification tasks, the main
challenge of multi-modal classification tasks is how to cap-
ture multi-modal semantic interactions and learn discrimina-
tive fusion features. Since the rapid development of Deep
Neural Networks (DNNs) [7], considerable researchers have
recently employed powerful feature extraction techniques for
multi-modal classification. For example, Jin et al. [8] use
the Recurrent Neural Network (RNN) and attention mech-
anism [9] for multi-modal fake news detection. Truong et
al. [10] propose a visual aspect attention network for multi-
modal sentiment analysis.

Motivation. Although the previous methods have strik-
ingly boosted the performance of multi-modal classification
tasks, the fields remain with several unsolved challenges: (1)
They usually treat textual and visual features equally from a
global perspective and ignore the semantic knowledge con-
tained in each modality is inconsistent, so that each modal-
ity contributes to the final classification differently; (2) most
of them focus on capturing high-level local semantic interac-
tions between textual and visual modality, failing to exploit
the hierarchical semantic interactions efficiently to assist in
learning a better fusion representation. To this end, we inves-
tigate how to represent the contribution value of each modal-
ity for a final decision and realize the hierarchical semantic
interactions and fusions efficaciously to support multi-modal

20
22

 IE
EE

 In
te

rn
at

io
na

l C
on

fe
re

nc
e 

on
 M

ul
tim

ed
ia

 a
nd

 E
xp

o 
(IC

M
E)

 |
 9

78
-1

-6
65

4-
85

63
-0

/2
2/

$3
1.

00
 ©

20
22

 IE
EE

 |
 D

O
I: 

10
.1

10
9/

IC
M

E5
29

20
.2

02
2.

98
59

83
4

Authorized licensed use limited to: NANKAI UNIVERSITY. Downloaded on March 22,2024 at 14:06:50 UTC from IEEE Xplore.  Restrictions apply. 



classification tasks.
Our Method. To represent the contribution value of each

modality for the final classification and capture the hierarchi-
cal local interactions between textual and visual modalities,
we propose a generic Hierarchical Global-Local feature fu-
sion Network (HGLNet). Specifically, HGLNet includes two
core modules: the Global Global Attention (GGA) fusion
module and the Cross Residual Transformer (CRT) module.
GGA generates two weights to represent the contribution val-
ues by fusing the global features of two modalities. More-
over, some previous work [3, 11–13] usually uses standard
Transformer Encoder to model multi-modal fusion, which
easily leads to too many parameters. In addition, in [11], they
confirm that keeping the unique properties for each modal-
ity is essential while fusing multi-modal features. Thus, CRT
proposes a novel Dual-stream Cross Residual Self-Attention
(DCRSA) mechanism to replace the traditional Self-Attention
(SA) and capture the local semantic interactions better by fus-
ing the local features of two modalities while maintaining
the unique information of related modalities. Furthermore,
to capture the hierarchical semantic interactions, HGLNet ap-
plies multiple CRT modules to fuse hierarchical context se-
mantic interactions. To this end, HGLNet final concatenates
all obtained fusion features for classification.

Contributions. The main contributions are summarized
as follows:

• We propose a novel generic network for multi-modal
classification tasks, named HGLNet, which integrates
the hierarchical global and local information of each
modality for classification.

• To the best of our knowledge, we are the first to exploit
a GGA module to generate two weights for represent-
ing the contribution values of textual and visual modal-
ities for the final classification. We further present a
CRT module to capture the fine-grained local semantic
interactions between two modalities better.

• Experimental results on datasets of three different tasks
demonstrate that our method achieves competitive per-
formance compared with state-of-the-art methods.

2. RELATED WORK

In this paper, we employ the proposed HGLNet in three multi-
modal classification tasks: (1) multi-modal fake news de-
tection, (2) multi-modal sentiment analysis, (3) multi-modal
tweet classification. Thus, We will review the related works
from the three aspects.

Multi-modal fake news detection. Multi-modal fake
news detection can be defined as a binary classification task,
which focuses on a tweet on social media is fake news or
not [14]. Previous work mainly concentrates on single-modal
fake news detection (e.g., text or images) [15, 16]. How-
ever, since the advance of multi-modal technologies, the per-

formance of multi-modal fake news detection has been en-
hanced [8]. Song et al. [11] introduce a crossmodal attention
residual and multichannel network for fake news detection.
Qian et al. [3] propose a hierarchical multi-modal contex-
tual attention network for detection. Multi-modal sentiment
analysis. Recently, sentiment analysis has gradually devel-
oped in the multi-modal field. Sentiment analysis is usually
regarded as a multi-class classification task. Truong et al. [10]
present a visual aspect attention network for multi-modal re-
view sentiment analysis. Xu et al. [17] propose a co-memory
network for multi-modal sentiment analysis. Multi-modal
tweet classification. Social media consists of text, images,
and video. Therefore, it is essential for social media to clas-
sify tweets into correct labels. Recently, Abavisani et al. [5]
present a novel multi-modal framework for classifying multi-
modal data in the crisis domain. Hu et al. [6] are the first to
introduce a novel social network multi-modal classification
dataset, which includes 18 general categories.

3. METHODOLOGY

Multi-modal classification tasks are defined as a binary-class
or multi-class classification problems, focusing on whether
samples on multi-modal data are incorrect labels. In this
section, a generic Hierarchical Global-Local feature fusion
Network (HGLNet) is proposed. Figure 2 shows an overview
of HGLNet. HGLNet consists of three stages: (1) multi-
modal feature embedding, (2) multi-modal feature fusion, and
(3) classification.

3.1. Multi-modal Feature Embedding

Given a multi-modal sample S from multimedia consists
of text and attached images, the model will output Y =
{y1, . . . , yi} to indicate to the label of the sample, where
Y = yi denotes that the piece belongs to the yi category.
Just like this, the input of our model is a multi-modal sample
S = {T, V }, where T and V denote the textual content and
visual content, respectively.

Text Encoder. To better model the semantic informa-
tion of text, we consider the global and local information of
text: textual content embedding and word embeddings. We
employ the pre-trained BERT [18] to embed the textual con-
tent. First, given a text T , we model T as a word sequences
T = {w1, . . . , wm} (m represents the number of words), we
further denote the word embeddings and textual content em-
bedding as follows:

E = BERT(T ) = {ecls, e1, . . . , em} , (1)

where em ∈ Rdt denotes the hidden embedding of the cor-
responding token in BERT, and dt denotes the dimension of
the word embeddings. In Equation 1, ecls is the [CLS] token
embedding in BERT that represents the global information of
the textual content.
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Fig. 2. The overview of our proposed HGLNet.
Image Encoder. Given a visual content V , we apply the

ResNet50 [19] pre-trained on ImageNet dataset [20] to extract
the region feature maps and global feature vector, which come
from the ”layer4” layer and the output layer of ResNet50, re-
spectively. The processes can be represented as:

Vl = ResNet50(V ) = {v1, . . . ,vn} , (2)
vg = ResNet50(V ), (3)

where vn ∈ Rdl denotes the local region feature map, and
vg ∈ Rdo represents the global feature vector, respectively.

3.2. Multi-modal Feature Fusion

To effectively promote the fusion of textual and visual con-
tents, we design a Global Gated Attention (GGA) module
and a Cross Residual Transformer (CRT) module to fuse the
global and local features of each modality and obtain a dis-
criminative fusion feature for classification.

Global gated attention module. Since the contribution
of each modality to the final prediction is inconsistent, we
consider this idea from a global perspective and design a
GGA module for learning two weights to represent the con-
tributions. The bottom left of Figure 2 presents the details
of the module. Specifically, given two global feature vectors
vg and ecls, the vectors are first fed into two different fully-
connected layers for dimensionality reduction, and two new
vectors vg ∈ Rdg and ecls ∈ Rdg are obtained. Next, GGA
concatenates them to get a new vector fconcat and then feeds
it into two different fully-connected layers to output two vec-
tors. Then, GGA applies the sigmoid functions to the original
vectors and the obtained vectors, respectively. Finally, the dot
products, scales, and softmax function are used to produce
the weight1 and weight2. We summarize the operation of the

GGA module in the following equations:

ecls1 = σ(fconcatW1 + b1),vg1 = σ(fconcatW2 + b2), (4)

weight
′

1 =
ecls ∗ σ(eTcls1)√

dg
,weight

′

2 =
vg1 ∗ σ(vT

g )√
dg

, (5)

weight1 =
expweight

′
1

expweight′1 + expweight′2
, (6)

weight2 =
expweight

′
2

expweight′1 + expweight′2
, (7)

where σ(.) is the sigmoid function, and W1 ∈ R(dg+dg)×dg

and W2 ∈ R(dg+dg)×dg the trainable parameters of the two
fully-connected layers.

Feature alignment transformations. Since the dimen-
sions of the obtained feature maps and the word embeddings
are not identical, feature alignments should be performed
first, transforming them to feature vectors of the same di-
mension to promote the next operations. The bottom right
of Figure 2 presents the details of the transformations. Let
El = {e1, . . . , em} and Vl = {v1, . . . ,vn} to represent
the word embeddings and image region embeddings. Specif-
ically, we first employ a series of non-linear transformation
operations to transform them. The details can be formulated
as follows:

E′
l = LN(ReLU(ElWe))⊗ weight1, (8)

V′
l = LN(ReLU(Flatten(BN((Conv1∗1(Vl))Wv))⊗ weight2,

(9)

where E′
l ∈ Rdn×df and V′

l ∈ Rdn×df . In Equations 8
and 9, LN(·) and BN(·) denote the layer normalization and
batch normalization, respectively. ReLU(·) represents the

Authorized licensed use limited to: NANKAI UNIVERSITY. Downloaded on March 22,2024 at 14:06:50 UTC from IEEE Xplore.  Restrictions apply. 



relu function, Flatten(·) denotes the flatten operation, and
We ∈ Rdt×df and Wv ∈ Rdl×df . Finally, we multiply the
weight1 and weight2 with E′

l and V′
l element by element to

obtain the matrices E′
l ∈ Rdn×df and V′

l ∈ Rdn×df , respec-
tively, and ⊗ denote the element-wise multiply.

Cross residual transformer. To better build the multi-
modal semantic interaction information, we design a novel
CRT module to fusion the local features of textual and visual
modalities. The bottom left of Figure 2 presents the details of
the module. CRT can capture the fine-grained semantic inter-
actions and output a fusion feature for classification. Specif-
ically, we propose a novel Dual-stream Cross Residual Self-
Attention (DCRSA) to replace the traditional Self-Attention
(SA). As shown in Figure 3, our DCRSA module has two
branches (I → T CRSA and T → I CRSA), and each branch
focuses on capturing different semantic interactions.

Q K V

SA

Image Text

V K Q

Add

Image Text

(I T CRSA) (T I CRSA)

Add

SA

Fig. 3. The overview of our proposed CRSA.

Like SA, our DCRSA also receives a query Q ∈ Rdn×dk ,
a key K ∈ Rdn×dk , and a value V ∈ Rdn×dv as inputs and
obtains a fusion feature. However, unlike SA, our Q, K, and
V are from different modalities. Taking the T → I CRSA
as an example, the inputs are word embeddings E′

l and im-
age region embeddings V′

l, respectively. First, we use E′
l

to generate Q and V′
l to generate K, V, respectively. Then,

T → I CRSA computes an inter-modality (Text to Image)
matrix F1 as follows:

F1 = softmax
(
QKT

√
dk

)
V +V′

l, (10)

where F1 ∈ Rdn×dv represents the semantic interactions of
an image to text, and softmax(·) denotes the softmax func-
tion. In Equation 10, we employ a residual connection to fur-
ther obtain a better fusion feature. Similarly, I → T CRSA
also computes an inter-modality (Image to Text) matrix F2 ∈
Rdn×dv . Note that dk = dv = df .

According to the description of the Transformer encoder,
we can know that the Transformer encoder includes two sub-
layers: the multi-head self-attention mechanism layer and the
fully-connected feed-forward network. Meanwhile, residual
connections and layer normalizations are applied. There-
fore, as shown in Figure 2, we can define the Multi-Head
Cross Residual Self-Attention (MHCRSA) mechanism and

the CRT:

M1(Q,K, V ) = ConCat(F1,1, . . . ,F1,h)WO1 , (11)
M2(Q,K, V ) = ConCat(F2,1, . . . ,F2,h)WO2 , (12)
output1 = LN(E′

l +M1(Q,K, V )), (13)
output2 = LN(V′

l +M2(Q,K, V )), (14)
Of = ConCat(output1, output2), (15)
O′ = LN(Of + FFN(Of )), (16)

where M1(Q,K, V ) and M2(Q,K, V ) denotes the
MHCRSA functions and h represents the h − th head.
In Equations 11 and 12, the WO1 ∈ R(h×dv)×df and
WO2

∈ R(h×dv)×df are the parameter matrices of linear
projections. In Equations 15 and 16, ConCat(·) denotes
the concatenation operation, and FFN is a two-layer fully-
connectd network that introduces non-linear transformation
into the CRT. Moreover, O′ ∈ Rdn×(df+df ) is the output of
the CRT module.

3.3. Classification

O′ ∈ Rdn×(df+df ) is the input of the classifier. Moreover, we
know that BERT encodes the rich hierarchical semantic infor-
mation of textual content [21]. Therefore, we apply the CRT
on the outputs of the last four layers of BERT. However, this
will bring a lot of parameters and increase the computational
complexity of the HGLNet. To address the issue, we only ap-
ply 2 CRT modules to share their parameters for obtaining 4
different outputs. Furthermore, the outputs are fed into the
relu function and global average pooling layer, which can de-
note O1,O2,O3,O4, respectively. Finally, we concatenate
all outputs:

O = ConCat(O1,O2,O3,O4), (17)

where O is the final fusion feature representation of the multi-
modal sample S = {T, V } by the proposed HGLNet and
GAP(.) denotes the global average pooling. Finally, O is fed
into a fully-connected network with a softmax function to pre-
dict the label. Meanwhile, we apply cross-entropy as our loss
function to train our network. The dropout is also employed
during the training process to avoid model overfitting.

4. EXPERIMENTS

4.1. Settings

This section introduces the datasets, baselines, and implemen-
tation details.

Datasets. Three standards used benchmark datasets, i.e.,
WEIBO [8], Yelp [10], and CMCD-I [6] are used in multi-
modal fake news detection, multi-modal sentiment analysis,
and multi-modal tweet classification, respectively.

Baselines. For the multi-modal fake news detection task,
we compare our network with four state-of-the-art models,
MVAE [22], CARMN [11], HMCAN [3], and MCAN [12].
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Table 1. Experiment results on three multi-modal tasks. (Unit:%)
Fake News Detection (Weibo Dataset) Sentiment Analysis (Yelp Dataset) Tweet Classification (CMCD-I Dataset)

Fake RealMethods Accuracy F1 F1 Methods BO CH LA NY SF Avg. Methods Accuracy F1

MVAE [22] 82.40 80.90 83.70 HAN-a [10] 55.18 54.88 53.11 52.96 51.98 53.16 ResNet 52.66 55.22
CARMN [11] 85.30 85.10 85.40 HAN-m [10] 56.77 57.02 55.06 54.66 53.69 55.01 BERT 65.28 65.85
HMCAN [3] 88.50 88.10 89.00 VistaNet [10] 63.81 65.74 62.01 61.08 60.14 61.88 ConCat 67.58 65.81
MCAN [12] 89.90 90.10 89.70 LD-MAN [23] 61.90 64.00 61.02 61.57 59.47 61.22 Fusion 76.14 75.82

HGLNet 90.45 91.06 89.75 HGLNet 65.47 69.58 60.78 63.43 60.35 63.92 HGLNet 78.45 76.86

We employ two baselines and VistaNet in [10], and LD-MAN
in [23] to compare with our network for the multi-modal sen-
timent analysis task. Moreover, for the multi-modal tweet
classification task, due to fewer baseline models, we compare
our network with two single-modality models, ResNet [19]
and BERT [18]; two fusion models, concatenation and fu-
sion [6].

Implementation Details. Given the marked variations
between the datasets, we adopt different hyperparameters and
pre-process methods to train our network. We follow the pre-
vious work for the division of the datasets [3, 6, 10]. For the
images in all datasets, we first resize images to 224× 224× 3
and feed them to the pre-trained ResNet50 to obtain 1000-
dimension feature vector (i.e., do = 1000 and feature maps
dl = 2048 × 7 × 7). For the text in all datasets, we first pre-
process all the redundancy and noise (e.g., URLs, ”@” sym-
bols), and then we employ the pre-trained BERT to extract
the 768-dimension token embedding of [CLS] and word em-
beddings (i.e., dt = 768). We use AdamW optimizer [24] to
optimize the loss function. We choose Accuracy and F1 as our
evaluation metrics. In this paper, dg = 10 and Dropout = 0.5.
Moreover, the rest hyperparameters are shown in Table 2.

Table 2. Hyperparameters in the experiments.

Hyperparameter Datasets
Weibo Yelp CMCD-I

BERT version base chinese base uncased base chinese
Text max length (dn) 140 300 300

df = dk = dv 32 64 64
Heads: h 4 8 4

Initial learning rate 0.0001 0.0002 0.0001
Weight decay 0.01 0.1 0.1
Minibatch size 128 160 180

Epochs 30 40 40

4.2. Performance Evaluation and Results Analysis

Table 1 reports the experimental results. HGLNet achieves
the best performance for multi-modal fake news detection.
It outperforms the existing state-of-the-art methods, which
demonstrates that HGLNet can fuse multi-modal features bet-
ter and jointly model multi-modal hierarchical information
for fake news detection. In addition, CARMN, HMCAN, and
MCAN all apply the transformer architecture, which proves
the effectiveness of SA in multi-modal fusion. For the multi-
modal sentiment analysis, we evaluate the proposed HGLNet
on the Yelp dataset used in [10,23]. Since the dataset includes
a rating scale of 1 to 5 as sentiment labels, we treat each rating

as a sentiment class. The test datasets covered five cities, in-
cluding Boston (BO), Chicago (CH), LosAngeles (LA), New
York (NK), and San Francisco (SF). We observe that HGLNet
achieves comparable performance for multi-modal sentiment
analysis. For multi-modal tweet classification, since CMCD-
I collects tweets with text and images from 18 general cat-
egories (e.g., game, finance), we perform single-modal and
multi-modal experiments. We observe that textual or visual
modality performance is worse than multi-modality, which
confirms that multi-modal fusion can enhance classification
performance. Moreover, HGLNet outperforms the concatena-
tion fusion, which shows that a simple concatenation cannot
model the multi-modal fusion better.

4.3. Ablation Study

To evaluate the effectiveness of the proposed GGA and CRT
modules, we conduct ablation experiments on the Weibo
dataset. We remove textual modality, visual modality, hierar-
chical semantics, and each module from the entire model for
comparison, respectively. Table 3 displays the experimental
results. In Tabel 3, ”HGLNet” denotes the whole model with
all modules, including textual semantics (T), visual semantics
(V), hierarchical semantics (H), GGA module (G), and CRT
module (C). After removing each component of HGLNet, we
obtain the sub-models ”-T”, ”-V”, ”-H”, ”-G”, and ”-C”, re-
spectively. We can observe that each module plays an effi-
cient role in improving the performance of HGLNet. Specif-
ically, the result of HGLNet-V is different from HGLNet-T,
and HGLNet beats HGLNet-G, which reveals the contribu-
tion of textual and visual modality for the final classification
is inconsistent. Moreover, the HGLNet-H and HGLNet-C are
worse than HGLNet, which shows that our CRT can capture
the multi-modal semantic interactions, and fusing hierarchi-
cal semantics can improve the performance of HGLNet.

Table 3. Experiment results of HGLNet ablation analysis.
HGLNet ablation analysis in Accuracy and F1 (Unit:%)

Methods Accuracy Fake News Real news
F1 F1

HGLNet-T 80.90 80.20 81.50
HGLNet-V 74.00 74.40 73.50
HGLNet-H 88.54 88.75 88.32
HGLNet-C 89.21 90.45 87.67
HGLNet-G 89.93 90.56 89.38

HGLNet 90.45 91.06 89.75
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5. CONCLUSION

This paper proposes a generic network suitable for multi-
modal classification tasks called Hierarchical Global-Local
feature fusion Network (HGLNet). To represent the contri-
bution of each modality, a GGA module is proposed to adap-
tively generate weights by fusing global features of textual
and visual modalities, which can represent the contributions.
Besides, the CRT module is used to capture the fine-grained
local semantic interactions between two modalities. Further-
more, HGLNet utilizes hierarchical semantic information to
generate fusion features. Experimental results show that com-
pared with the state-of-the-art, our HGLNet has better perfor-
mance in multi-modal fake news detection, multi-modal sen-
timent analysis, and multi-modal tweet classification.
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