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ABSTRACT : Multimodal sentiment analysis has been applied to many natural interaction scenarios, aiming
to infer user emotional states from visual, audio, and linguistic modal data. Multiple models in multimodal
sentiment analysis have been dedicated to exploring multimodal data fusion mechanisms for improving model
performance. However, the multimodal data collected by different sensors are heterogeneous, which invokes
tremendous challenges for multimodal data fusion and interactive operation. This paper proposes a new
multimodal sentiment analysis model, MSFN, which aims to reduce heterogeneity differences among modalities
and construct good intra-modal and inter-modal relationships. MSFN imposes two strategies of similarity
learning on multimodal embedding representations. The first strategy is to add a generative adversarial loss
function for learning the commonalities of different modalities and reducing modality differences. The second
strategy is a distance metric function to reduce the distance between features with the same semantic embedding.
Comprehensive experiments on public datasets show that our model outperforms the baseline models.
KEYWORDS - Data Fusion, Multimodal Sentiment Analysis, Generative Adversarial Network, Distance
Metric

Date of Submission: 14-03-2023 Date of Acceptance: 31-03-2023

l. INTRODUCTION

The research field of sentiment analysis in natural language processing (NLP) has accumulated a
considerable amount of results. The Language-based unimodal sentiment analysis has made tremendous
progress 13, whereas the pre-trained models with a large number of parameters such as BERT # and some of its
variants * ® continue to integrate the state-of-the-art (SOTA) technology pushed to new heights. Different from
unimodal sentiment analysis, Multimodal Sentiment Analysis (MSA) utilizes relevant information extracted
from multimodal data for comprehensive and comprehensive sentiment analysis 7.

Several models in MSA focus on exploring the complex fusion strategies between different modalities.
The attention-based & and tensor fusion-based ° models are examples. However, most of the above models do
not consider that the data features of different modalities have inconsistent distributions and representations
before fusion. This distribution difference between the modalities is termed the heterogeneity gap between the
modalities, which seriously hinders the subsequent interactive operation of the multimodal data 7. The
mainstream model for bridging the heterogeneity gap is to map the features of different modalities into a
common subspace for discussion. The models based on the relevance measures ° and the ones that employ the
generative adversarial networks for cross-modal translation ** are examples. Although several models have been
proposed for studying the common subspaces, there is still much room for improvement.

To construct good intra-modal and inter-modal relations, this paper proposes a multimodal similarity
fusion network for multimodal sentiment analysis. The contributions of this paper can be summarized in the
following two points.

1.1 A new MSA-oriented model, 12MCL, is proposed. It adopts two training strategies, multimodal adversarial
loss function, and embedded feature distance metric loss function, for establishing good intra-modal and inter-
modal relations.

1.2 Extensive comparative experiments over the popular benchmark dataset demonstrate that the MSFN model
outperforms the baseline models with respect to the multiple evaluation metrics.

I1.RELATED WORK
The relevant literature on MSA can be roughly categorized according to the methods used, viz., (1) the
methods for learning complex fusion mechanisms and (2) the methods for learning common subspaces.
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2.1 Methods for Learning Complex Fusion Mechanisms

Exploring the complex fusion mechanisms is an effective approach to addressing MSA, and several
studies have focused on this approach. The work ° has pioneered in obtaining the fusion tensors by employing
multimodal features for outer product operations. Accordingly, the work 2 proposes Low-rank Multimodal
Fusion (LMF) to reduce the computational cost of the outer product operations. The work %3 employs the outer
product operation for fusion, but it divides the modality features into multiple local blocks before fusion to
prevent the generation of high-dimensional fusion tensors. Furthermore, attention-based and gating-based fusion
networks have been studied in several works. The work 4 proposes a Delta Memory Attention Network
(DMAN) for cross-view interactions. The work 8 employs the components of the Multi-Attention Block (MAB)
to discover the interaction between the modalities and improves LSTM so that the attention weights of different
modalities are shared among the various LSTM components. The work *° proposes Dynamic Invariant Specific
Representation Fusion Network (DISRFN).

2.2 Methods for Learning Common Subspaces

Recently, an increasing number of scholars have studied the heterogeneity gap in MSA. The
mainstream approach to solving this problem is to map the features of different modalities to a common
subspace for discussion. Certain studies attempt to add cross-modal correlation and similarity constraints to the
model. The work %0 learns the correlation between multiple modalities through Deep Canonical Correlation
Analysis (DCCA). The works ¢ 7 have reduced the distribution difference between modalities by minimizing
the Maximum Mean Discrepancy (MMD) 8 and the Central Moment Discrepancy (CMD) *° distance metrics.
Furthermore, Generative Adversarial Networks (GANs) have been demonstrated for their powerful ability to
transform data distributions and learn discriminative representations, and hence, successfully applied to aiding
the encoders to learn common subspace representations 7. The work ! proposes an adversarial encoder-decoder-
classifier for modality translation. The appeal methods only focus on the intra-modal or inter-modal, and the
similarity relationship between the intra-modal and inter-modal is not well established. MSFN employs two
training strategies to bridge modality differences while reducing the distance between features with the same
semantic embedding within a modality.

1H1.METHODOLOGY
This section briefly defines the task settings of the MSA, followed by a description of the MSFN model.
The task of MSA is to build a model to predict the emotional state of a video clip through a multimodal dataset.

The input to the model is a set of multimodal datasets X={X,,X,,X,} containing N segments, where audio,
visual, and language modality data are denoted as X, e R™*, X, eR™ and X eR™ | respectively, and
dme{a,w} is the feature dimension of the corresponding modality. The primary task of the model is to extract and

integrate task-related information from these multimodal data to form a unified embedding representation, then
employ these representations to predict the continuous sentiment score label Y € [—3,3].

3.1. Framework
According to Fig.1, the MSFN model framework has four main parts: Multimodal Data Embedding,
Multimodal Similarity Learning, Multimodal Decoder, and Fusion Prediction Network.
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Figure 1. The overall structure of MSFN

3.2 Multimodal Data Embedding
For the audio and visual modalities, two LSTMs blocks have been utilized. The feature extraction was
performed on the audio and visual modality data, and the output is the audio and visual modality embedding

features, viz., Rdme%axv} —» RY. The LSTMs block consists of two parts, viz., the bidirectional long short-term
memory network Bi-LSTM and the fully connected Dense layer. Bi-LSTM was employed to extract the basic
features of the audio modality and visual modality. The dense layer was used to receive data from Bi-LSTM and
the embedded features of the LSTM end state, then unify the dimensions of the embedded features of different
modalities as:

x, = LSTMs(X_;0"™) (1)
X, = LSTMs(X,;0"™) )
where 49;5tm and HV'S"" denote the parameters of LSTMs blocks in audio and visual modalities, respectively.

For the language modality, the BERT model is the latest technological achievement in natural language
processing. It has achieved appreciable results in downstream tasks such as sentence pair classification, single
sentence classification, question answering, and single sentence tagging tasks. A pre-trained transformer model
BERT was employed for the feature extraction of language modality data. Furthermore, like LSTMs, a fully
connected Dense layer was connected to the output layer of BERT to form the BERTS component:

RN _y RN*A the output is the language modality embedding feature X, , as:
= BERTs(X,;0™") 3)
where ¢9|be” is the parameter of the BERTS block.

3.3 Multimodal Similarity Learning

Although the multimodal embedded features X | are uniform in dimension, their distribution in

me{a,v,|
the feature space is inconsistent, i.e., there is a heterogeneity gap in the features of different modalities that
hinders the subsequent fusion and interaction of different modalities. Inspired by generative adversarial
networks 2 and similarity metric functions & °, this paper combines a multimodal adversarial loss function and
an embedded feature distance metric loss function. They are used to bridge the heterogeneity gap between
modalities while increasing the similarity between the same semantic features. For each unimodal modality

me {a,v, I} , we separately construct the encoder, which maps the multimodal embedding features X, as input
to a shared latent feature subspace as:
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hm:Gm(xm;HGm),me{a,v,l} )

where Gm parameterized by &, is a unimodal modality encoder, besides being a multimodal feature mapped
to a shared subspace.

3.3.1 Multimodal Adversarial Loss
The multimodal adversarial loss aims to learn common representations between different modal data

and reduce the heterogeneity gap between modalities. The generator G,, encodes multimodal features X, inan
attempt to trick the discriminator D, into mapping the multimodal features into a common subspace.

For each modality, the corresponding modality generator network G, and discriminator network D,
are set up. The discriminator network judges the corresponding modal input as true and other modal inputs as
false. For example, for the language modality, the discriminator network D, discriminates the language

modality feature xlI as true, while the audio modality feature Da and visual modality feature D, are
discriminated as false. The multi-modal adversarial loss functions are as follows: :

L =E, . [log(D,(G,(x)))—log(D,(G,(x,)))—log(D, (G, (x,)))] (5)
L =B,  [log(D,(G,(x,))-log(D,(G,(x,)))—log(D, (G, (x)))] (6)
Ly =E, ., [log(D,(G,(x,)))—log(D,(G,(x,))) - log(D, (G, (x,)))] (7

£a=%(£f‘+£§+£§‘) ®)

Through the above loss function, the generator and the discriminator have trained adversarially through
minimax games to map multimodal features into a common subspace.

3.3.2 Distance Metric Loss

Distance metric loss functions have been proposed for computing distributed sample problems
independently & %9, In this paper, the triplet loss function 2 is used to optimize the intra-modal embedding
feature space, so that features with the same semantics are closer to each other, thereby maintaining the
similarity of intra-modal features. Compared with the previous distance measurement loss function, the triplet
loss function has more definitions of anchor points, positive samples and negative samples. Positive samples are
the same as the anchor class, and negative samples are different from the anchor class. In the embedding feature
space, the distance from the positive sample to the anchor point should be shorter than the negative sample by a

boundary value O . For each modality, the following loss function is performed:

L= > (5+d" —d") ©)
yai’ypp'iyn
L :%(ﬁf +L5+L)) (10)

where d:p and d;n are distance metric functions used to calculate the Euclidean distance between positive

and negative sample pairs.

3.4 Multimodal Decoder
Multimodal features have the risk of information loss during the feature mapping process 7 22,
Therefore, a decoder was designed for unimodal modalities to reconstruct the multimodal input to reduce the

impact of this risk. Particularly, for each unimodal modality m e {a,v, I} , We construct the decoder for the

reconstruction of the feature N, and the reconstruction loss function is given as:

% = Em(hm;eEm) (1)

DOI: 10.35629/6734-12035360 Www.ijesi.org 56 | Page



Multimodal Similarity Fusion Network for Multimodal Sentiment Analysis

2
%ol (12)

.1
EI:éZmeav ”X m

3.5 Fusion Prediction Network
The learned multimodal features are first fed into a self-attention layer. The Scaled Dot-Product
Attention 2® was introduced to calculate the unimodal modality:

(

where Q. , K,,, and V, are obtained from the unimodal modality through different linear transformations,

F. —Softmax( )Vm,me{a,v,l} (13)

Viz.:

Qn =h,wi, K, =h,wy,V, =h w me{a,v,I} (14)
where W € R , Wr‘; e R** and W, € R®% represent the linear transformation matrices of query, key,
and value, respectively, and d, =d, =d, =d .

Finally, the F, is connected to obtain the multimodal fusion feature F =[F,, F,, F], which is sent

to a fusion prediction network § = f (F;Hf) composed of fully connected layers, and the task loss is defined

as.
Lo = Z:”yi -, 2

(15)

3.6 Optimization
The total loss of the model is weighted by task, multimodal adversarial, distance metric and
reconstruction loss as follows:

L=L*+al+BL +yL" (16)
where «r, f,and y are the respective loss weight hyperparameters.

IV.EXPERIMENT
4.1 Dataset
The CMU-MOSI [] and CMU-MOSEI [] datasets collect video collections from online sharing
websites, containing 296 and 3228 video clips, respectively, and each clip contains three modalities: language,
audio, and vision. Each segment has a sentiment label in the range [-3,3]. The dataset can be found at:
https://github.com/A2Zadeh/CMU-MultimodalSDKF.

4.2 Model Configuration

The MSFN model is built on the Pytorch platform, using the grid search method to adjust the hyper-
parameters in the model, thus saving the appropriate hyper-parameters. Table 1 shows the final hyper-
parameters of the two datasets determined with the grid search method, and Fig. 2 shows the component
structure of MSFN. (1) d represents the unified dimension of the different modalities, and (2) &, £, and ¥
come from the formula (19). Further, (3) I', Batch_ Size, and Drop represent the Learning Rate, batch size, and
dropout rate in the iterative optimization, respectively. (4) LSTM represents the hidden layer dimension of the
Bi-LSTM end state, and (5) BERT represents the output dimension of the BERT model. (6) Layer-Norm
represents the dimension of the batch normalization layer.

Table 1: Hyper-parameters in the MSFN model

Hyper-param MOSI MOSEI
d 128 256
(04 0.2 0.4
yij 0.5 0.3
v 0.2 0.1
r le-4 le-4
Batch_Size 64 16
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Figure 2. Component parameter settings of the MSFN model.
4.3 Benchmark Model and Comparison Results
Table 2: Comparison Experiments of Multimodal Models in MOSI
Model Acc-21 F11 MAE| Corr? Acc-71
MFN 77.3% 77.4% 1.042 0.615 30.6%
LMF 77.3% 77.3% 1.005 0.622 35.4%
TFN 78.2% 78.3% 0.987 0.615 34.5%
TFN(B) ¥ 80.8% 80.8% 0.901 0.698 34.9%
LMF(B)” 82.5% 82.5% 0.917 0.695 33.2%
ICCN(B)” 83.1% 83.0% 0.862 0.714 39.0%
ARGF(B) 83.4% 83.6% 0.826 0.740 37.9%
MISA(B) 83.1% 83.0% 0.796 0.749 43.4%
MSFN 83.4% 83.5% 0.802 0.756 43.1%

come from 10,

Note: (B) indicates that the BERT model is used for feature extraction and encoding of language modality; \V
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Table 3: Comparison Experiments of Multimodal Models in MOSEI

Model Acc-21 F11 MAE| Corrt Acc-71
TFN 76.2% 76.1% 0.722 0.510 43.2%
MFN 76.6% 76.7% 0.727 0.511 43.9%
LMF 76.2% 76.4% 0.712 0.540 45.1%
TEN(B)” 82.6% 82.1% 0.593 0.700 50.2%
LMF(B)” 82.0% 82.2% 0.623 0.677 48.0%
ICCN(B)” 84.2% 84.4% 0.565 0.713 51.6%
MISA(B) 84.1% 83.6% 0.563 0.755 50.8%
ARGF(B) 84.2% 84.7% 0.572 0.740 51.2%
MSFN 84.5% 84.4% 0.560 0.747 51.6%

Note: (B) indicates that the BERT model is used for feature extraction and encoding of language modality; V
come from %,

Table 2 and Table 3 show the comparative experimental results of MSFN and other baseline models on
the two datasets. MSFN achieves the best performance on most regression and classification metrics, surpassing
previous strong baseline models. Specifically, MSFN achieves 0.3% binary accuracy on the MOSI and MOSEI
datasets compared to the previous baseline model. Certain studies [4, 17, 19] have shown that BERT is superior
when used as a language modality feature extractor compared to traditional methods. For a fair comparison,
Tables 2 and 3 show some models that also use BERT as a language modality feature extractor. MSFN
outperforms models using complex fusion mechanisms such as TFN, LMF, etc. Therefore, adding a multimodal
adversarial loss is important because the heterogeneity gap hinders the fusion interaction of different modalities.
Furthermore, the MSFN model also outperforms models that also learn common subspaces (such as ARGF),
suggesting that adding a distance metric loss helps preserve the similarity of features within a modality. In the
subsequent ablation experiments, this paper further illustrates the impact of multimodal contrastive loss and
distance metric loss functions on the model.

4.4 Ablation Experiment
We have designed the ablation experiments on MOSI datasets, including the modality ablation

experiments and the multimodal representation learning and ablation.

Table 4: Ablation experiments

Model Acc-21 F11 MAE]| Corr? Acc-71
1 MSFN 83.4% 83.5% 0.802 0.756 43.1%
2 (_)Ea 82.5% 82.6% 0.835 0.746 42.1%
3 (-),Cd 82.2% 82.5% 0.821 0.743 41.2%
40) Yol 83.1% 83.2% 0.833 0.762 43.%

Note: (-) indicates a variant model from which this factor has been removed.

Models 2-4 in Table 5 are loss function ablation models, representing MSFN variants with multimodal
adversarial, distance metric, and reconstruction loss removed, respectively. According to the table above, the
best experimental results are achieved when the model includes all losses. This shows that all added loss

functions are profitable. Furthermore, the model is more sensitive to both £2 and £ . Specifically, removing

L2 or [ leads to a drop in binary classification accuracy of 0.9% and 1.2%, respectively. This shows that the
designed loss function helps to build a similarity structure within and between modalities, thereby significantly
improving the model performance. In addition, the model is not sensitive to reconstruction loss £, the possible
reason is that other loss functions designed also help reduce the risk of information loss.

V. CONCLUSION
This work proposes a new model for multimodal sentiment analysis - MSFN. MSFN aims to reduce the
heterogeneity difference between modalities and maintain the similar structure of features within a modality.
Comprehensive experiments on two popular datasets show that MSFN outperforms strong baseline models. In
addition, other experimental results in this design also show that well-designed multiple loss functions all
contribute to the improvement of model performance. This paper only evaluates the performance of the MSFN
model on public and widely used datasets. In our future work, we will use more realistic multimodal sentiment
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analysis data or multimodal data from other domains to verify the generalization ability of our method and
further improve the robustness of our method.
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