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Abstract—With the continuous development of social network-
ing sites, the volume of social media data has exploded and the 
user-generated content is becoming more and more diverse. As 
a result, the modality of massive social media data is no longer 
confined to the single text mode. This brings new challenges to 
social media analytics in general and its examplar field such as 
sentiment analysis in particular. Multimodal sentiment 
analysis has become an increasingly important research topic 
in recent years, especially in the context of social media big 
data. Most of the previous work only focuses on single 
modality content such as text, image or speech. Moreover, as 
the traditional sentiment analysis methods often lack the 
support of scalable deep models, this hinders their usage in 
processing large amount of online data. To overcome the 
limitations in the previous work, in this paper, we propose an 
end-to-end framework for multimodal sentiment analysis 
based on deep neural network. We propose a Merged Neural 
Network (MNN) model that utilizes CNNs to extract 
representations of text and image respectively. To fuse the 
multimodal features, we introduce the residual model and 
propose two combined merged strategies, namely the Early-
RMNN (i.e. Early Residual MNN) and Late-RMNN (i.e. Late 
Residual MNN), to get deeper and more discriminative features 
than the previous methods. The experiments on two public 
available datasets demonstrate the effectiveness of our models 
for multimodal sentiment analysis in comparison with the 
related methods. 

Keywords-multimodal sentiment analysis; convolutional 
neural network; residual model; feature fusion; social media big 
data 

I.  INTRODUCTION  
With the continuous development of social networking 

sites, the volume of social media data has exploded and the 
user-generated content is becoming more and more diverse. 
As a result, the modality of massive social media data is no 
longer confined to the single text mode. In microblog sites, 
for example, more and more users are inclined to post 
multimodal tweets, adding a picture in their tweets, which 
brings new challenges to social media analytics in handing 
large-scale social media data and its multimodal form. Take 
sentiment analysis as an examplar field of social media 
analysis. Analyzing user sentiments relies more and more on 
large amount of multimodal contents, in contrast to the 
traditional text-based sentiment analysis. Thus multimodal 

sentiment analysis has become an increasingly important 
research topic in recent years [1-8], especially in the context 
of social media big data. 

In multimodal sentiment analysis, each modality 
contributes to the assessment of sentiment. Fig. 1 shows 
some examples of multimodal tweets. Both text and image 
present positive sentiment in (a); while in (b), text and image 
carry an obvious negative sentiment. The text in (c) is neutral, 
but we can discern the negative sentiment from the image in 
(c) based on the scene of the poor child lying on the beach 
together with “REFUSE” in the image. 

 
Figure 1.  Examples of multimodal tweets from Twitter. 

Previous related research mainly focuses on single 
modality sentiment analysis. In recent years, besides the 
traditional machine learning-based methods, deep neural 
network has gained increasing attention in extracting textual 
representation [9-14]. Meanwhile, motivated by their 
superior performance in image classification, CNNs [15-17] 
have also been used in image sentiment analysis. Recently, 
several related work has been proposed to deal with 
multimodal sentiment analysis [1-8], and deep neural 
network-based methods show superiority in performance. 
For multimodal sentiment analysis task, one key problem is 
the fusion of all modalities of samples, including text, image, 
video or speech. Although related deep neural network-based 
methods have achieved fairly good performance, their fusion 
model underlying CNNs as well as their single image 
processing model are still relatively simple and need to be 
further refined. 

To overcome the limitations in the previous work, in this 
paper, we propose an end-to-end framework for large-scale 
multimodal sentiment analysis based on deep neural network. 
Our framework is a Merged Neural Network (MNN) model 
consisting of three networks: Text-CNN Image-CNN and 
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Multi-NN. Text-CNN and Image-CNN extract feature 
representation from text and image respectively, and Multi-
NN for the fusion of the multimodal feature representations. 
To better fuse the multimodal features, we introduce the 
residual network [18] and propose two combined merged 
strategy models, namely the Early Residual MNN (denoted 
as Early-RMNN) and Late Residual MNN (denoted as Late-
RMNN). By incorporating deeper and more discriminative 
features, our proposed fusion strategies improve the simple 
concat method in the previous related work. 

Our work has made several contributions. We first 
propose an end-to-end framework for multimodal sentiment 
analysis based on deep neural network. To overcome the 
limitations of previous concat fusion method, we introduce 
the residual model and propose two combined merged 
strategy models for better combination of multimodal 
features. The experiments on two public available datasets, 
namely MSVA-single and MSVA-multiple, well 
demonstrate the advantages of our proposed models for 
multimodal sentiment analysis compared to the related work. 

The rest of the paper is organized as follows. In section 2 
we review the literature on multimodal sentiment analysis. 
Section 3 presents our MNN model in detail, including the 
extraction of features from text and image data separately, as 
well as the two fusion strategy models, Early-RMNN and 
Late-RMNN. Experimental study and conclusions are given 
in Sections 4 and 5 respectively. 

II. RELATED WORK 
In recent years, researchers start to focus on multimodal 

sentiment analysis instead of traditional sentiment analysis 
on single modality, such as text, image and speech. The 
related work can be divided into two categories. Most works 
use feature selection models, and only a few works are based 
on deep neural network. 

A. Feature Selection Models 
Wang et al. [1] presented a cross-media bag-of-words 

model to represent the text and image of a tweet as unified 
Bag-of-words representation. Then logistics regression is 
used to classify the sentiment. Cao et al. [2] fused the text 
sentiment and image sentiment not only from sentiment 
results, but also from sentiment ontology. Chen et al. [3] 
proposed a hypergraph structure formed by the centroid 
vertex and its k-nearest neighbors on each modality to 
formulate textual, visual and emoticon information jointly 
for sentiment prediction. Poria et al. [4] used both feature- 
and decision-level fusion methods to merge affective 
information from multimodal modalities. Katsurai et al. [5] 
used projection matrix to map each modality into a same 
latent embedding space, which transfer the sentiment task 
into a distance problem. 

B. Deep Models 
Cai et al. [6] pre-trained text CNN and image CNN to get 

the representation of text and image. The convolutional 
layers in text CNN is two-dimension and every textual 
sample is reshaped at 50*50. Then they used a multi CNN to 
joint the both feature vectors by concat. Yu et al. [7] also 

pre-trained CNNs to represent text and image, while they use 
the one-dimension convolutional neural network for textual 
feature extraction and the classifier is Logistics Regression. 
You [8] utilized a cross-modality consistent regression(CCR) 
model, which use PCNN [17] to extract image feature and 
add title information to represent the textual modality 
information based on [19].  

None of the above research has aimed at the end-to-end 
framework for multimodal sentiment analysis, which 
provides a convienent way to process multimodal sentiment 
data. In contrast to the concat fusion method used in the 
previous research, we propose an end-to-end model, with 
more fine-grained strategies for feature fusion in our MNN 
framework. We conduct experimental study to verify the 
effectiveness of our proposed models in comparison with the 
state-of-the-art methods for multimodal sentiment analysis. 

III. METHOD 
This section explicates the MNN Model for multimodal 

sentiment analysis task. And the two novel feature fusion 
strategies, Early-RMNN and Late-RMNN, will also be 
described in details. As illustrated in Fig. 2 we can see that 
our model contains three components: Text-CNN Image-
CNN and Multi-NN. Text-CNN and Image-CNN get the 
representations from texts and images respectively. Then the 
Multi-NN fuses these feature representations for 
classification. Detailed introductions of these components 
are as follows. 

 
Figure 2.  The illustration of MNN for multimodal sentiment classification 

framework. 

A. Text-CNN 
The Text-CNN is used to generate the text representation. 

The original words are pre-trained by state-of-the-art word 
representation method, Glove [20], which combines the 
excellences of both Word2vec and Co-occurrence Matrix. 
Based on Kim’s CNN Model [9], the one-dimension 
convolutional layer consists of 128 kernels of size 5 and the 
one-dimension MaxPooling layers have a size 3. After the 
convolutional layers, a BatchNormalization layer [21] is used 
to normalize the activation of the previous layer at each 
batch, which makes the value of output to maintains the 
mean activation close to 0 and the activation standard 
deviation close to 1. Similarly, the Image-CNN also adds a 
BatchNormalization layer. It not only reduces the possibility 
of gradient dispersion, but also makes a contribution to 
merging the multimodal representations in a normalized 
standard. Then a fully connected layer makes the flatten 
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vector to a fixed dimension feature representation  as 
one input of the Multi-NN. 

B. Image-CNN 
The Image-CNN is based on VGG [22], which is com-

posed of five convolutional blocks and three fully connected 
layers and has been proved have the best performance for 
1000 object categories task on ImageNet datasets. In this 
paper, the transfer learning strategy was used to overcome 
the difference categories between ImageNet and our 
multimodal sentiment datasets. The VGG16 Model has been 
trained in the ImageNet data firstly. Then the learned 
parameters are transferred to our sentiment analysis target. In 
our model, we remove the fully connected layers and extract 
the fifth convolutional block’s output. A fully connected 
layer makes the flattened vector into a fixed dimension 
representation  as the other input of the Multi-NN. 

C. Multi-NN 
The Multi-NN fuses the text’s representation , and 

image’s representation . In fact, most previous works 
only use the concat method and several fully connected 
layers to fuse the multimodal features. While to get a better 
fusion feature, we introduce a new method, residua model, to 
merge the multimodal features and proposed two combined 
merged strategy models: Early-RMNN and Late-RMNN 

1) Early-RMNN 
The overall framework of Early-RMNN is illustrated in 

Fig. 3. There are two fully connected layers after flatten layer 
of both Text-CNN and Image-CNN. Thus, we extract the 
output of these two fully connected layers as the 
representations of text and image respectively. The first 
output of fc in Text-CNN is named shallow representation 

, and the second is named deep representation 
. The dimension of these representation vectors is 

256. = ReLU( ( ) + )
Then the shallow and deep representations of text are 

merged by residua block to generate the textual merged 
representation, which is denoted as .  = ReLU( ( +. ) + )
where, the +. stands for the residua block. Similarly, we also 
get a visual merged representation, . At last, a 
concat fusion block is added to generate the final fusion 
representation _  by merging the  and  

.  

_ = ReLU ,  +
where, the [∗,∗ ] stands for the concat block. After the final 
fully connected layer, a softmax layer is used to classify the 
sentiments of multimodal samples. 

 

Figure 3.  The overall framework of Early-RMNN for multimodal 
sentiment analysis. The parts of Text-CNN and Image-CNN are simply 

showed as two blocks. Detailed architectures can be seen in fig 1. The ‘C’ 
stands for the concat block and ‘+’ is residua block. 

2) Late-RMNN 

As shown in Fig. 4, we also extract the shallow 
representations and deep representations. While in Late-
RMNN, we firstly use the concat block to merge the shallow 
representations of text and image to get the shallow merged 
representation, . Meanwhile, we also get a deep 
merged representation, .  = ReLU ,  += ReLU ,  +

Then, the  and  are fused by 
residua block to generate the final fusion representation 

 as the input of the softmax layer. 

_ = +.

 
Figure 4.  The overall framework of Late-RMNN for multimodal 

sentiment analysis. 

D. Learning 
Because of the limit number of words on Twitter, all 

sentences are padded into maximum length 140. The 
dimension of each word is set at 200. The word vectors are 
fine-tuned in training process to adapt the domain of our 
multimodal sentiment datasets. We use an adaptive learning 
rate method, Adadelta [23], with mini-batchs of 64 for 
optimization. In order to avoid overfitting, dropout [24] with 
probability 0.5 and early-stopping tricks [25] are employed. 
The ReLU is adopted as the activation function for both 
Early-RMNN and Late-RMNN. The RMNN can be trained 
with the cross entropy loss function.  L( , ) = − ∗ log( ) + (1 − ) ∗ log(1 − )
where the o is the output of our model, and y is the sentiment 
label. When it is positive-negative sentiment task, the 
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objective function is binary cross-entropy and the model’s 
last activation function is sigmoid. While, when the target 
has three sentiments (positive, negative and neutral), it 
becomes categorical cross-entropy and last activation 
function is replaced by softmax. 

IV. EXPERIMENTS 
In this section, we first introduce the two public datasets, 

namely MSVA-single and MSVA-multiple, used in our 
experiment. Then we compared the performance of our 
RMNN model with two baselines.  

A. Datasets 
MSVA-single [26]: This dataset contains 5129 text-

image pairs from Twitter. Each pair of text and image is 
shown to a single annotator, who assigns one of three 
sentiments (positive, negative and neutral) to the text and 
image separately.  

MSVA-multiple [26]: This dataset is larger than MSVA-
single with 19600 text-image pairs. And another difference is 
that each pair in MSVA-multiple is shown to three 
annotators, each of whose judgement about the sentiment of 
the text and image is independent. 

For the MSVA-multiple dataset we firstly get the real 
label for single modality by taking the majority vote out of 
the 3 sentiments; that is, an image or a text is considered 
valid only when at least 2 of the 3 annotators agree on the 
exact label. It is very natural to classify the samples when the 
textual label is consistent with the visual label. However, 
there are many tweets, in which the labels of text and image 
are inconsistent. So we denote some judgement rules to 
handle this problem in Table I. Thus we get the new MSVA-
single and MSVA-multiple datasets in Table II. 

TABLE I.  JUDGEMENT RULES FOR THE GROUND TRUTH OF A 
MULTIMODAL TWEET  

Number of Labels of Text and Image 
Ground Truth 

Positive Neutral Negative 

2 0 0 Positive 
1 1 0 Positive 

0 1 1 Negative 
0 0 2 Negative 
0 2 0 Neutral 
1 0 1 (Remove) 

TABLE II.  FINAL STATISTIC OF MSVA  DATASETS  

Dataset Positive Neutral Negative Total 

MSVA-single 2683 470 1358 4511 

MSVA-multiple 11318 4408 1298 17024 

B. Baseline 
We choose the following approaches based on neural 

network as our baseline to compare with our proposed 
models. 

DNN-LR [7]: This approach uses CNNs to extract the 
representations of text and image respectively. The CNNs 

are needed to be pre-trained in single modality sentiment 
analysis task. Then the logistics regression utilizes the 
representations of text and image to classify sentiments. 

CNN-Multi [6]: It has three CNNs. The pre-trained text 
CNN and image CNN extract the feature representation of 
text and image. Then the both feature vectors are 
concatenated as the input of multi CNN, which only has four 
fully connected layers. While the convolutional layers in its 
Text CNN is two-dimension convolution. Every textual 
sample is reshaped at 50*50 like a single channel picture. 

In fact, few works focus on multimodal sentiment 
analysis. For better comparison, we proposed three simple 
models, which are all based on our MNN framework and 
different with each other in multi neural network for 
classification:  

MNN-LR: Similar to DNN-LR, the MNN-LR 
concatenates the multimodal representations and uses the 
logistics regression to classify the sentiments. 

MNN-Multi: The merged network in MNN-Multi is 
same as that in CNN-Multi, while its framework is based on 
our MNN framework.  

MNN-Cat: It only utilizes a concat block and a fully 
connected layer to merge, which is a simplified version of 
the Early-RMNN. 

C. Experimental Results 
We evaluated our model for both two-sentiments 

(positive and negative) and three-sentiments (positive, 
neutral and negative) targets. The experiment is evaluated in 
MSVA datasets with 5 fold cross-validation to get the final 
average accuracy. The results can be seen in Table III. 

TABLE III.  ACCURACY OF DIFFERENT METHODS ON THE MSVA 
DATASETS 

Method 
MSVA-single MSVA-multiple 

Two- 
class 

Three-
class 

Two-
class 

Three-
class 

DNN-LR 
CNN-Multi 

72.57 
70.89 

64.75 
63.44 

90.12 
90.16 

67.36 
67.46 

MNN-LR 
MNN- Multi 

74.06 
73.27 

66.37 
64.54 

90.26 
90.22 

67.52 
67.52 

MNN-Cat 
Early-RMNN 
Late-RMNN 

74.67 
74.53 
74.85 

66.47 
66.65 
67.09 

90.23 
90.28 
90.38 

67.75 
67.94 
67.90 

The Table III shows the comparison of our proposed 
model RMNN with the baselines and some other methods 
based on our framework. The results are separated into three 
groups: the first group is the baseline. In group two, there are 
MNN-LR and MNN-Multi. We firstly compare the group 
one and two. The performance of MNN-LR performs better 
than DNN-LR with the increase of 0.14-1.62%. MNN-Multi 
is also superior to CNN-Multi in all sentiment tasks, getting 
the 0.06-2.38% improvement. The MNN-LR and MNN-
Multi are both based on our MNN framework, while their 
merged methods are same as baselines’. Thus these 
experiments demonstrate that our multimodal merged 
framework is better than baseline. 

9



The last group includes a simplified model MNN-Cat and 
our proposed combined merged strategy model RMNN. 
Compared with the former groups, our RMNN model gets 
the highest accuracy than both baselines and three simple 
models. Note that, in MSVA-single dataset, our models have 
a lager improvement, 2.28-3.96% in two-sentiment classifi-
cation task and 2.34-3.65% in three-sentiment task. While in 
MSVA-multiple dataset, it only has 0.22-0.26% and 0.48-
0.58% increase respectively. That is because the number of 
tweets of each class in MSVA-single is more balanced than 
that in MSVA-multiple, despite the MSVA-multiple dataset 
has a larger size than MSVA-single. Based on MNN-Cat, we 
introduce the residual block to get the two combined merged 
strategy models, Early-RMNN and Late-RMNN. With the 
introduction of residual block, wherever Early-RMNN or 
Late-RMNN could get a deeper and more discriminative 
feature than previous methods, which helps for classification. 
The best performance of our Residual Merged Neutral 
Network proves that our combined strategy model can get a 
better fusion feature to improve the performance of 
multimodal sentiment classification. 

V. CONCLUSION 
Multimodal sentiment analysis has become an 

increasingly important research topic in recent years, 
especially in the context of social media big data. In this 
paper, we propose an end-to-end deep neural network 
framework MNN for multimodal sentiment analysis. Our 
proposed model relies on convolutional architectures to 
extract and learn the representations of text and image. We 
further introduce the new residua model to merge 
multimodal features and propose two combined merged 
strategies for a deeper and more discriminative feature 
representation. The experiment on two public available 
datasets demonstrates that our RMNN models outperform 
the previous deep neutral network-based related work. Our 
future work shall explore other fusion strategies to further 
improve the performance of multimodal feature fusion, and 
test our models in the context of more scalable social media 
datasets. 
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