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Abstract: Multimodal Sentiment Analysis (MSA) plays a critical role in many applications, including
customer service, personal assistants, and video understanding. Currently, the majority of research
on MSA is focused on the development of multimodal representations, largely owing to the scarcity
of unimodal annotations in MSA benchmark datasets. However, the sole reliance on multimodal
representations to train models results in suboptimal performance due to the insufficient learning
of each unimodal representation. To this end, we propose Self-HCL, which initially optimizes the
unimodal features extracted from a pretrained model through the Unimodal Feature Enhancement
Module (UFEM), and then uses these optimized features to jointly train multimodal and unimodal
tasks. Furthermore, we employ a Hybrid Contrastive Learning (HCL) strategy to facilitate the
learned representation of multimodal data, enhance the representation ability of multimodal fusion
through unsupervised contrastive learning, and improve the model’s performance in the absence of
unimodal annotations through supervised contrastive learning. Finally, based on the characteristics of
unsupervised contrastive learning, we propose a new Unimodal Label Generation Module (ULGM)
that can stably generate unimodal labels in a short training period. Extensive experiments on
the benchmark datasets CMU-MOSI and CMU-MOSEI demonstrate that our model outperforms
state-of-the-art methods.

Keywords: contrastive learning; feature optimization; multitask learning; multimodal sentiment
analysis

1. Introduction

The rapid development of neural network modeling has brought diverse techniques
and methods to the field of human–computer interaction. Long Short-Term Memory
Networks (LSTMs) [1] have effectively solved the limitations of traditional Recurrent
Neural Networks (RNNs) [2] in dealing with long-term dependencies by introducing a
gating mechanism, which is especially suitable for analyzing and predicting time series
data. The Transformer model based on the self-attention mechanism is able to deal with
long-range dependencies and is now widely used in various sequence modeling tasks. In
addition, “Knowing knowledge: Epistemological study of knowledge in transformers [3]”
investigates the role of neural models in human–computer interaction, thus providing new
perspectives for understanding how neural networks facilitate knowledge exchange.

Multimodal sentiment analysis (MSA) plays a crucial role in the field of human–
computer interaction and has become a hot research topic in recent years [4]. MSA has
received much attention in recent years compared to traditional unimodal sentiment
analysis methods, MSA has demonstrated significant advantages in terms of robustness,
and it has made breakthroughs in processing social media data in particular. With the
explosive growth of user-generated content, MSA has been used in a wide range of domains,
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including social monitoring, consumer services, and the transcription of video content.
By integrating information from different modalities, such as textual, audio, and visual
data, this analytic approach is able to capture and parse the user’s affective state more
comprehensively, thus improving the accuracy and reliability of sentiment recognition.

Today, research in MSA mainly focuses on how to effectively learn joint representations.
Researchers have evolved their work from tensor-based approaches [5] to approaches based
on attention mechanisms [6,7], and they have continuously worked on designing modules
that capture crossmodal information interactions and utilize multimodal representations
to train models. However, relying solely on multimodal representations to train models
often leads to suboptimal performance [8]. This is mainly due to the lack of unimodal
annotations in the MSA benchmark dataset, thereby making it difficult for models to
capture unimodal-specific information. As shown in Figure 1, uniform multimodal labels
are not always appropriate for unimodal learning, which limits the model’s ability to
understand each unimodal state in depth. A number of attempts have been made by some
researchers to solve this problem. Yu et al. [9] proposed the Self-MM, which calculates
the distance between the modal representation and the category centroid to quantify
the degree of similarity. Han et al. [10] designed the MMIM, which enhances the effect of
multimodal fusion by increasing the mutual information between unimodal representations
and the shared information between fusion embedding and unimodal representations.
Furthermore, Hwang et al. [11] presented SUGRM using recalibration information to
generate unimodal annotations with dynamically adjusted features. However, how to better
learn unimodal feature representations and optimize multimodal feature representations
in the absence of unimodal annotations remains to be further explored.
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Figure 1. An example of unimodal labels and multimodal labels. The blue dotted lines represent the
process of backpropagation.

In order to address the above problems, we designed an innovative Multimodal
Sentiment Analysis framework called Self-HCL. The framework initially employs the
Unimodal Feature Enhancement Module (UFEM) to optimize the learning of unimodal
features. Specifically, the UFEM computes and assigns attentional weights to modal features
in the channel and spatial dimensions by using the Convolutional Block Attention Module
(CBAM) [12]. It then uses these weights to optimize the representation of unimodal features
by finely tuning the original features and selectively reinforcing them through gating
mechanisms and elemental multiplication. Next, the Sparse Phased Transformer (SPT) [13]
is used to capture and integrate the final feature representations for each modality. In
addition, Self-HCL integrates a Hybrid Contrastive Learning (HCL) strategy to optimize
the representation learning process for multimodal data. On the one hand, we adopt the
principle of Unsupervised Contrast Learning (UCL) [14], which enhances the extraction of
interrelated information between the fused features and each unimodal modality through
iterative operations so as to reveal the deep relationships between modalities and optimize
the spatial layout of fused features. On the other hand, to address the problem of the scarcity
of unimodal annotation data, we introduce a Supervised Comparative Learning (SCL)
strategy. We map the features of different modalities into the same high-dimensional feature
space to facilitate the aggregation of samples with the same emotion label in the embedding
space while ensuring the differentiation of differently labeled samples. Finally, we improve
the Unimodal Label Generation Module (ULGM) proposed by Hwang et al. [11]. We
constructed a new UCL space based on it and combined with the properties of UCL, which
enables the ULGM to output unimodal labels stably in a shorter period of time. The
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improved ULGM not only fully utilizes the advantages of contrast learning in mining
feature differences and uniqueness, but it also successfully overcomes the limitations
encountered by Hwang et al. [11] in dealing with the modal feature similarity puzzle. To
summarize, the primary contributions of this work are as follows:

• We construct a novel MSA framework called Self-HCL, which improves the identifica-
tion of salient features in the absence of unimodal annotation using the UFEM and
optimizes the features by combining the gating mechanism with element multiplica-
tion, which effectively improves the representation learning of unimodal features.

• A hybrid contrastive learning strategy is designed for the purpose of deep exploration
of the fused multimodal features and the inherent relationship between each single
modal feature and emotional labels.

• We propose an improved ULGM, which reveals the deep relationship between differ-
ent modalities and optimizes the spatial distribution of modal features by constructing
a new unsupervised contrastive learning space, thus achieving the stable generation
of unimodal labels within a short training cycle.

2. Related Work
2.1. Multimodal Sentiment Analysis

Multimodal Sentiment Analysis (MSA) is an approach for identifying and understand-
ing emotions by analyzing speech, facial expressions, voice, music, and body movements.
The discipline has advanced using publicly available datasets, including CMU-MOSI, CMU-
MOSEI, and IEMOCAP [15]. There are three main MSA research directions: (1) Initially,
multimodal fusion used techniques like tensor fusion networks [6] and low-rank multi-
modal fusion [16] with LSTM [1] to create high-dimensional tensors for integrating diverse
data sources. (2) Modal interaction modeling [17] explores complex interactions between
modalities using MCTN [18] and MulT [4], which enhance intermodal transformations
using cyclic consistency loss and the Transformer architecture encoder/decoder, respec-
tively. Sun et al. [19] offered deep normalized correlation analysis for improved intermodal
consistency in high-dimensional nonlinear spaces. (3) Mode consistency and disparity
techniques, which seek coherence and highlight discrepancies between modalities, have
garnered attention. For example, Yu et al. [9] created a self-supervised learning module
for label generation in multimodal and unimodal training tasks, thus minimizing mode
differences. Han et al. [10] used mutual information in MSA and proposed a learning
framework to preserve task-relevant information. In their model MISA [5], modal vectors
were mapped into two spaces, and regularization was added to aid in learning shared and
distinct modal properties.

2.2. Multitask Learning

Multitask learning is a key branch of machine learning that focuses on optimizing the
connections between multiple related tasks simultaneously [20]. It falls under the migrating
learning framework, which aims to extract and apply domain-specific knowledge from
training data for various related tasks. In multitask learning, model parameters act as a
sharing mechanism during training, thus allowing the model to extract common feature
representations from different tasks to improve its generalization across various tasks.
There are two main types of parameter sharing: soft sharing, where model parameters
are adjusted for different tasks, and hard sharing, where fixed global parameters aid in
learning all tasks. In the field of MSA, multitask learning has been widely used to integrate
information from different modalities like text, speech, and image, thus leading to improved
sentiment recognition and emotion analysis [21,22].

2.3. Contrastive Learning

Contrastive learning, based on the InfoNCE theory [23], uses a loss function to in-
crease the mutual information between feature representations of the same object from
different perspectives or conditions while reducing it between unrelated objects (negative
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sample pairs). This approach helps the model develop more distinct feature representa-
tions. Recent methodologies like SimCLR [24] and MoCo [25] have advanced the practical
applications and theoretical exploration of contrastive learning in computer vision, thus
improving learning outcomes in unsupervised settings through data augmentation and
queuing mechanisms. As deep learning techniques have evolved, contrastive learning has
expanded beyond visual data like images to fields such as natural language processing
and multimodal learning. It has been successful in extracting unified representations from
various data types, including text, images, and audio. For example, Khosla et al. [26] ex-
tended contrastive learning by incorporating supervised information into the unsupervised
framework, thus allowing for multiple positive samples to be associated with the same
anchor sample. Moreover, Han et al. [10] enhanced contrastive learning by maximizing
mutual information across different aspects of a single input instance, thus filtering and
amplifying feature information relevant to the target task.

2.4. ULGM

Designed and developed by Yu et al. [9], ULGM aims to automatically generate
unimodal labels for multimodal tasks. The module relies on the assumption that label
differences between categories are directly related to differences in the distances of modal
eigenvectors from category centers. Labels from unimodal data should align with those
from multimodal fusion information. However, close interclass distances and indistin-
guishable category centers can lead ULGM to produce unstable or inaccurate labels, thus
impacting learning stability and causing the model to converge to a local optimum. Hwang
et al. [11] proposed an enhancement based on Yu et al. [9] to address this issue. The enhance-
ment scheme generates unimodal labels based on distances between the feature space and
label space. ULGM proposes that the distances between feature points in a semantic space
are linked to the distances of their corresponding labels. By calculating feature distances
using multimodal tag information, ULGM infers and generates unimodal tags. It considers
offset size and direction, thereby determining the offset by comparing distances between
multimodal and unimodal features with the maximum tag space distance and analyzing
positive and negative tag center positions relative to multimodal features.

3. Approach
3.1. Problem Definition

MSA is a technique that combines multiple modal signals such as text, audio, and
visual to accurately determine sentiment states. In this study, the input to the model is
defined as Is, where s ∈ {t, a, v}. And this composite input consists of three key compo-
nents: textual modality, audio modality, and video modality. The core task of the model is
to predict the corresponding sentiment intensity value ŷm ∈ R after receiving inputs such
as Is. To optimize the learning process of the model, in the training phase, we generate
the corresponding labels ys ∈ R for each modality separately. Although the model can
produce multiple potential outputs, in practical applications, we only select ŷm ∈ R as the
final sentiment prediction index.

3.2. Overall Architecture

Self-HCL facilitates the sharing of fundamental modal representations by incorporat-
ing multimodal tasks, unimodal activities, and hybrid contrastive learning tasks. When
faced with problems that involve several modes of input and various types of unimodal
tasks, we employ a hard sharing method to construct a shared underlying learning network.
Figure 2 depicts the comprehensive structure of Self-HCL, thus showcasing how modal
representation information may be efficiently exchanged and utilized across activities.
In Figure 2, ys is the unimodal annotation generated by ULGM based on the manually
annotated multimodal labels ym for supervised learning of the unimodal task. ŷs and ŷm
are the predicted sentiments for the unimodal task and the multimodal task, respectively,
where s ∈ {t, a, v}.
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Figure 2. Overall architecture of Self-HCL.

3.3. Multimodal Task

For the multimodal task, we extract modality features Fi
s from pretrained BERT [27],

COVAREP [28], and FACET [29] models for textual, acoustic, and visual input, respectively.
Subsequently, the Unimodal Feature Enhancement Module (UFEM) is employed to opti-
mize the extracted features for each modality type, and the Sparse Phased Transformer
(SPT) is utilized to capture and integrate the final feature representation for each modality.

Unimodal Feature Enhancement Module: The UFEM primarily utilizes the Convolu-
tional Block Attention Module (CBAM) [12], a specialized attention mechanism module
designed for Convolutional Neural Networks (CNNs) [30], thus aiming to enhance the
network’s expressiveness and performance in processing visual tasks by strengthening
the attention to key features. The CBAM comprises two primary modules: the Channel
Attention Module (CAM) and the Spatial Attention Module (SAM). Here, we show how
the CBAM can be applied to the UFEM. The UFEM receives Fi

s ∈ Rls×ds as input, where ls
is the length of the sequence, and ds is the modal feature dimension, and we squeeze the
input along the sequence length using global average pooling:

Ss(d) =
1
ls

ls

∑
l=1

Fi
s(l, d) (1)

where s ∈ {t, a, v}, and d = 1, 2, .., ds. The compression feature Ss is then connected and
fed into a series of fully connected networks and ReLU to learn the global multimodal
embedding Sg:

Sg = ReLU(Wg[St; Sa; Sv] + bg) (2)

where [; ] denotes the feature concatenate, Wz is a 3 × 3 weight matrix, and bz is a bias
term. The global multimodal embedding Sg is then fed into the channel attention module,
which is compressed into two one-dimensional vectors by average pooling and maximum
pooling, which are then passed through a shared Multilayer Perceptron (MLP) and finally
normalized to the interval [0,1] by the sigmoid function to obtain the MCAM:

MCAM = σ(MLP(η(Sg)) + MLP(γ(Sg))) (3)

where σ(·) denotes the sigmoid function, and η and γ represent average pooling and
maximum pooling, respectively. Similarly, in the SAM, average pooling and maximum
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pooling are again performed to aggregate the feature information and generate the 2D
spatial attention map MSAM using a convolutional layer of size 7 × 7:

MSAM = σ( f 7×7([η(MCAM); γ(MCAM)])) (4)

where f 7×7 represents a convolutional layer of size 7 × 7, and η and γ represent average
pooling and maximum pooling, respectively. Accordingly, the augmented feature Sg
adjusted by CAM and SAM weighting is denoted as follows:

S̄g = MSAM ⊗ MCAM (5)

where ⊗ denotes the elemental multiplication. The dimensions are then restored to the
original modal features using a fully connected layer:

Rs = WsS̄g + bs (6)

where Ws and bs represent the fusion weight matrices and bias terms of the fully linked
network. Finally, the original input features are recalibrated using a gating mechanism:

F̃i
s = 2 × σ(Rs)⊗ Fi

s (7)

where σ(·) denotes the sigmoid function, f 7×7 denotes the elemental multiplication, and
the coefficient 2 in Equation (7) serves as an amplification factor to further enhance the
impact of the important features and ensure that the important features can receive more
attention during the feature importance adjustment process. Overall, the textual, acoustic,
and visual features after UFEM augmentation can be described as follows:

F̃i
s = UFEM(Fi

s ; θUFEM) ∈ Rls×ds (8)

where θUFEM represents all the learnable parameters in the UFEM.
Sparse Phased Transformer: In the multimodal task, we use the Sparse Phased Trans-

former, SPT [13], architecture to extract the respective final feature representations from the
data of different modalities. For any unimodal feature F̃i

s , the final feature representation
obtained after applying the SPT can be expressed as follows:

F̃∗
s = SPT(F̃i

s ; θspt) (9)

where θspt is the learnable parameter of the SPT, and s ∈ {t, a, v}. To obtain the fused
feature representation, we first concatenate each unimodal feature representation and then
project each one into a lower-dimensional feature space Rdc . This process can be specifically
expressed through linear transformation:

F∗
m = ReLU(Wm

1 [F̃∗
t ; F̃∗

a ; F̃∗
v ] + bm

1 ) (10)

where F̃∗
t ; F̃∗

a ; F̃∗
v denote the final eigenvectors of the text, audio, and visual modalities,

respectively, and Wm
1 and bm

1 are the corresponding fusion weight matrices and bias terms.
Finally, sentiment prediction based on the fused multimodal feature vectors is implemented:

ŷm = Wm
2 F∗

m + bm
2 (11)

where F∗
m is the fused multimodal eigenvector, Wm

2 and bm
2 represent the weight matrix and

bias term of the sentiment prediction output layer, respectively, and ŷm is the predicted
sentiment label.
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3.4. Unimodal Task

In the three unimodal tasks, we adopt the same modal characterization approach as
the multimodal task, thus mapping each feature representation to the common semantic
feature space Rdc as follows:

F∗
s = ReLU(Ws

1 F̃∗
s + bs

1) (12)

where s ∈ {t, a, v}. Next, the feature representations for each modality are further pro-
cessed through their respective independent fully connected layer networks to obtain the
corresponding sentiment prediction output for each modality:

ŷs = Ws
2 F∗

s + bs
2 (13)

In order to facilitate the training process of the unimodal task, we have developed a
novel ULGM, which is capable of generating unimodal labels. A detailed description of the
specific architecture of the ULGM and its working principle will be provided in Section 3.6.
The ULGM is calculated as follows:

ys = ULGM(ym, F∗
m, F∗

s , θULGM) (14)

where ym stands for multimodal labels, and θULGM stands for ULGM learnable parameters.
Finally, we adopted a joint learning strategy that combines the manually annotated mul-
timodal label ym and the automatically generated single modal label ys to jointly train a
multimodal task and three unimodal subtasks that are only relevant during the training
phase. It is important to emphasize that these unimodal tasks only exist during the training
period. Consequently, we utilize ŷm as the ultimate result.

3.5. Hybrid Contrastive Learning

Unsupervised Contrastive Learning: Although the SPT successfully improves the
expressiveness of fused features, it does not deeply explore the intrinsic connections
between unimodal features Fi

s and fused features F∗
m. Therefore, we use Unsupervised

Contrastive Learning (UCL) with the aim of strengthening these connections and further
optimizing the quality of fusion features. The goal of our design is to maximize the mutual
information between the fused features and the inputs of each unimodal modality, which
is optimized through repeated iterative optimization; thus, the network can effectively
transition from each independent modality to the fusion features. Given that the current
Self-HCL has obtained the multimodal fusion result F∗

m via the SPT network, an effective
mapping from the fusion feature F∗

m back to each unimodal input Fi
s has not yet been

established. Therefore, we follow the operation of [10] and adopt a strategy to measure the
correlation between them using a function Corr(·) with normalized prediction vectors and
true vectors, which is defined as follows:

Ḡφ(F∗
m) =

Gφ(F∗
m)

||Gφ(F∗
m)||2

, F̄i
s =

Fi
s

||Fi
s ||2

(15)

Corr(Fi
s , F∗

m) = exp(F̄i
s(Ḡφ(F∗

m))
T) (16)

where Gφ is a neural network with parameter φ that generates the prediction of Fi
s from

F∗
m, and || · ||2 is the L2 normalization. The loss between individual modalities and fused

features is computed by treating all other modal representations as negative samples in the
same batch of samples:

LF∗
m ,Fi

s
= −Es

[
log

Corr(F∗
m, Fi

s)

∑N
j Corr(F∗

m, Fi
s)

]
(17)
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where N is the number of samples in the batch, and LF∗
m ,Fi

s
denotes the contrastive learning

loss function between the two vectors F∗
m and Fi

s . Ultimately, the overall loss function of the
UCL consists of the sum of the losses of the fused features F∗

m with respect to the textual,
visual, and audio modalities:

LUCL = Lm,t + Lm,a + Lm,v (18)

where m represents the fusion feature F∗
m.

Supervised Contrastive Learning: By utilizing the label information to the fullest, Su-
pervised Contrastive Learning (SCL) treats all samples in the collection with the same label
as positive samples and those with different labels as negative samples, thus presuming
that attention will be paid to specific key labels. In particular, when dealing with datasets
such as CMU-MOSI and CMU-MOSEI, which are only labeled with multimodal labels
but not unimodal labels, the SCL approach can skillfully utilize the label information to
achieve efficient feature learning and expression enhancement. Specifically, the model first
encodes the different modal features (e.g., text, audio, visual) corresponding to the samples
within each batch into consistent high-dimensional vectors. Embeddings of similarly la-
beled samples will be close to each other during the comparison learning process, while
dissimilarly labeled samples will be far away from each other. This facilitates Self-HCL
to capture potential semantic associations between different modalities related to specific
sentiment categories and to combine information from multiple modalities to accomplish
effective sentiment recognition tasks despite the lack of unimodal fine-grained labeling.
The SCL loss LSCL is computed as follows:

Z = [Fi
t ; Fi

a; Fi
v; F∗

m] (19)

SIM(p, i) = log
exp

(
(Zi · Zp)/τ

)
∑a∈A(i) exp

(
Zi · Zp/τ

) (20)

LSCL = ∑
i∈I

−1
|P(i)| ∑

p∈P(i)
SIM(p, i) (21)

where Z ∈ RL×d, i ∈ I = {1, 2, ..., L} denotes the index of a batch of samples, τ ∈ R+

denotes the temperature coefficient used to control the distances between the samples,
P(i) = Ij=i − {i} denotes the samples that share the same sentiment category as i but
exclude i itself, P(i) denotes the number of samples, and A(i) = I − {i} denotes the
samples in a batch of samples other than itself.

3.6. ULGM

The objective of the ULGM is to generate labels for each unimodality by applying
multimodal labels and modality representations. Our ULGM design has been extended
and optimized based on the work of Hwang et al. [11], whose design concept is that the
distance between two features in the common semantic feature space is proportional to
the distance between the corresponding labels in the Label Space. Based on this concept,
and combining the features of unsupervised contrastive learning, we propose the Unsu-
pervised Contrastive Learning Space (UCL Space). In the UCL Space, we map the data
of different modalities into a unified representation space. In this space, if data points
have similar attributes, they tend to be close to each other and form tight clusters, thus
reflecting the similarity between data points. In contrast, data points that belong to different
categories or have significant differences will be mapped to the far end of the space, thus
highlighting the differences between them. The architecture of these three feature spaces is
illustrated in Figure 3. In summary, the ULGM scheme is based on two key assumptions
and mechanisms:



Electronics 2024, 13, 2835 9 of 18

(1) The Common Semantic Feature Space is consistent with Label Space: The distance
DF

m→s between the eigenvectors of Fusion feature F∗
m and the eigenvectors of the unimodal

feature F∗
s should be proportional to the semantic or categorical distance DL

m→s between
the labels of the two modalities corresponding to the two modalities in the Label Space.

(2) The Common Semantic Feature Space is associated with the UCL Space: The
distance DF

m→s within the feature space matches the relative position DC
m→s between the

fusion feature F∗
m and unimodal feature F∗

s embodied in the unsupervised contrastive
learning. In summary, the design philosophy of the ULGM can be summarized as follows:

DF
m→s ∝ DL

m→s, DF
m→s ∝ DC

m→s (22)

where s ∈ {t, a, v}. The ULGM method proposed in this work determines the amount of
deviation of a unimodal label ys with respect to a multimodal label ym by measuring the
distance from the multimodal feature to each unimodal feature. In the process of calculating
the deviation, we focus on two core elements: the magnitude and the direction.

Common Semantic 
Feature Space Label Feature Space

Unsupervised
Contrastive Learning Space

Figure 3. Schematic representation of the Common Semantic Feature Space, the Label Space, and the
UCL Space.

Magnitude of Offset: To compute the offset, we argue that the greatest distance
inside the common semantic feature space is proportional to the maximum distance within
the Label Space. In the CMU-MOSI and CMU-MOSEI datasets, the multimodal labels
vary from −3 to +3. This means that the distance between multimodal features with
labels −3 (F∗−3

m ) and +3 (F∗+3
m ) must be the largest within the common same semantic

feature space. Therefore, any DF
m→s higher than the maximum distance is clipped to

DF
max = ||F∗+3

m − F∗−3
m || :

DF
m→s =

{
||F∗

m − F∗
s ||, if DF

m→s ≤ DF
max,

DF
max, otherwise,

(23)

where F∗+3
m and F∗−3

m are the mean values of F∗+3
m and F∗−3

m , respectively, and || · ||2 is
the L2 normalization. Based on the concepts and points mentioned, we can consider the
following relations to calculate the offset magnitude from multimodal to unimodal labels:

DF
m→s/DF

max = DL
m→s/DL

−3→+3 (24)

DL
m→s =

DF
m→s

DF
max

DL
−3→+3 (25)

Under the current conditions, the unimodal labels ys can be estimated as follows:

ys = ym + DL
m→s (26)
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For the results of UCL, due to its wider range, it is necessary to define a maximum
distance that is consistent with the previous setting. Therefore, we set DC

max = ||F∗+3
m −

F∗−3
m ||. In order to establish the connection between DF

m→s, DC
m→s, and ys, ym, we consider

the following two relations:

ys

ym
∝

Dc
m→s

Dc
max

⇒ ys

ym
=

Dc
m→s

Dc
max

⇒ ys =
Dc

m→s
Dc

max
ym (27)

ys − ym ∝ Dc
m→s − Dc

max ⇒ ys = Dc
m→s − Dc

max + ym (28)

Combining the above relations, the unimodal label ys in this condition is obtained
using equal weight summation:

ys = ym + φcm (29)

where φcm = ym(
Dc

m→s−Dc
max

2Dc
max

) + Dc
m→s−Dc

max
2 .

Direction of Offset: In order to determine the direction of the offset, the spatial
location of the unimodal features relative to the multimodal features is first analyzed.
This process first involves obtaining the average of the multimodal features with positive
annotations F∗+

m and negative annotations F∗−
m as a reference datum. Then, with reference

to this benchmark, the multimodal features and unimodal features are localized in the
feature space, as shown in Figure 4. By calculating the L2 distances from various types of
modal representations (e.g., F∗

x∈{m,t,a,v}) to F∗+
m and F∗−

m , the directions of the offsets can be
deduced and determined accordingly:

Direction =



+, if Dp
s

Dn
s
< Dp

m
Dn

m
,

−, if Dp
s

Dn
s
> Dp

m
Dn

m
,

0, if Dp
s

Dn
s
= Dp

m
Dn

m
.

(30)

where Dp
s = ||F∗

s − F∗+
m ||, Dn

s = ||F∗
s − F∗−

m ||, Dp
m = ||F∗

s − F∗+
m ||, Dn

m = ∥F∗
m − F∗−

m ∥, and
∥·∥ are the L2 normalizations. Finally, the unimodal label ys is obtained as follows:

ys =


ym + α × DL

m→s + β × φcm, if direction is +,
ym − α × DL

m→s − β × φcm, if direction is −,
ym, if direction is 0.

(31)

where α and β represent the Label Space weight coefficients and the UCL Space weight
coefficients, respectively.

Figure 4. An illustration of the position of modality representations relative to the mean of multimodal
representations with F∗+

m and F∗−
m .
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3.7. Objective Function for Training

We use the L1 loss as the main optimization objective of the model. In the unimodal
task s, we use the difference between the automatically generated unimodal labels and
the manually annotated multimodal labels as the weight of the loss function. This design
means that the network will pay more attention to samples with large label differences,
thereby improving the model’s sensitivity to key differences. In addition, the unimodal
task s provides an independent unimodal supervision signal and assists in multimodal
task learning, thereby helping the model learn more discriminative modality-specific
representations. The specific calculation formula is as follows:

L0 = L1 +
1
N

N

∑
i

{t,a,v}

∑
s

(Wi
s × |ŷi

s − yi
s|)

=
1
N

N

∑
i
(|ŷi

m − yi
m|) +

1
N

N

∑
i

{t,a,v}

∑
s

(Wi
s × |ŷi

s − yi
s|)

=
1
N

N

∑
i
(|ŷi

m − yi
m|+

{t,a,v}

∑
s

Wi
s × |ŷi

s − yi
s|)

(32)

where N is the number of training samples. Wi
s = tanh(|ys − ym|) is the weight of the ith

sample for the unimodal task s. The overall loss function L of Self-HCL combines the above
components and is computed as follows:

L = λ0L0 + λ1LSCL + λ2LUCL (33)

where λ0 is the weight of the L0 loss, and λ1 and λ2 are the weights of LSCL and LUCL,
respectively, which are used to balance the contribution of different loss terms to model op-
timization.

4. Experimental Settings
4.1. Datasets

In this work, we conduct extensive experiments on two benchmark datasets in MSA.
We give a brief introduction to each of them and summarize their basic statistics in Table 1.

CMU-MOSI: The CMU-MOSI dataset, introduced by [31], is widely acknowledged
as a notable benchmark dataset for MSA. The dataset contains samples that have been
annotated by human annotators with sentiment scores ranging from −3 (indicating strongly
negative sentiment) to +3 (indicating very positive sentiment).

CMU-MOSEI: In contrast to CMU-MOSI, the CMU-MOSEI dataset [32] comprises
a greater quantity of utterances, a more diverse sample of speakers, and a greater range
of topics. In the same manner as MOSI, the CMU-MOSEI dataset is annotated with a
sentiment score of −3 to +3 for each sample.

Table 1. Dataset statistics of CMU-MOSI and CMU-MOSEI.

Dataset Train Valid Test Total

CMU-MOSI 1284 229 686 2199
CMU-MOSEI 16,326 1871 4659 22,856

4.2. Baselines

In order to fully ensure the validity of Self-HCL, we provide a fair comparison between
the baseline and state-of-the-art methods in the Multimodal Sentiment Analysis:

• TFN [6]: The Tensor Fusion Network (TFN) applies a subnetwork for modality embed-
ding, along with tensor fusion, to understand both the intra- and intermodality dynamics.

• LMF [16]: Low-Rank Multimodal Fusion (LMF) carries out the fusion of multiple
modalities by utilizing low-rank tensors, thus enhancing computational efficiency.
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• RAVEN [33]: The Recurrent Attended Variation Embedding Network (RAVEN) cap-
tures the detailed structure of nonverbal subword sequences and adapts word repre-
sentations in response to nonverbal signals.

• MulT [4]: The Multimodal Transformer (MulT) employs a crossmodal transformer
with crossmodal attention to facilitate modality translation.

• MISA [5]: The Modality-Invariant and -Specific Representations (MISA) projects
features into two separate spaces with specific constraints and performs fusion on
these features.

• MAG-BERT [34]: The Multimodal Adaptation Gate for BERT (MAG-BERT) designs an
alignment gate and inserts that into a vanilla BERT model to refine the fusion process.

• Self-MM [9]: Learning Modality-Specific Representations with Self-Supervised Multi-
task Learning (Self-MM) assigns each modality a unimodal training task with auto-
matically generated labels, thus aiming to adjust the gradient backpropagation.

• MMIM [10]. Multimodal InfoMax (MMIM) uses the first implementation of the
InfoMax principle on an MSA task, where the fusion representation is learned by
maximizing its mutual information with unimodal representations.

• SUGRM [11]: The Self-Supervised Unimodal Label Generation Model (SUGRM)
leverages recalibrated information to produce unimodal annotations by adaptively
tuning features, thus postulating that the distance between two representations in a
shared space should correspondingly reflect the distance between their associated
labels in the label space.

4.3. Implementation Details

Experimental Details: Self-HCL was implemented on the Pytorch framework. For
training the model, we used the Adam optimizer and implemented an early stopping
strategy with eight cycles to monitor the performance of the model. To find the best
combination of hyperparameters, we performed a stochastic search. Table 2 shows the
detailed configuration of the CMU-MOSI and CMU-MOSEI datasets. All training and
testing procedures were performed on a single NVIDIA GeForce RTX 3060 Ti GPU.

Evaluation Metrics: Following the previous works [9] , we report our experimental
results in two forms: classification and regression. For classification, we report the weighted
F1 score (F1-Score) and binary classification accuracy (Acc2). Specifically, for the CMU-
MOSI and CMU-MOSEI datasets, we calculated the Acc-2 and F1-Score in two ways:
negative/non-negative (nonexclude zero) and negative/positive (exclude zero). For the
regression, we report the mean absolute error (MAE) and Pearson correlation (Corr). Except
for the MAE, higher values denote better performance for all metrics.

Table 2. Main hyperparameters used in CMU-MOSI and CMU-MOSEI.

Hyperparameter CMU-MOSI CMU-MOSEI

Early Stop 8 8
Batch Size 32 32

LR for BERT 5 ×10−5 5 ×10−5

LR for Others 1 ×10−2 1 ×10−3

Encoder Layer 4 4
Num Heads 8 4

Output Dropout 0.3 0.1
Attn Dropout 0.3 0.1

5. Results and Analysis
5.1. Quantitative Results

The comparative results for the Multimodal Sentiment Analysis on the CMU-MOSI
and CMU-MOSEI datasets are presented in Table 3. In this table, † means the results
provided by MMIM [10], and ‡ is from SUGRM [11]. Models with * have been reproduced
under the same conditions. Bold numbers indicate the best performance. Based on the
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various types of datasets, they can be categorized as aligned or unaligned. Generally,
models using aligned datasets will achieve superior performance [4]. In this work, we
conducted experiments using unaligned datasets on our model. As described in Table 3, we
achieved significant improvements in all the assessment metrics compared to the unaligned
models (TFN and LMF). Even when compared with aligned models (RAVEN, MulT, MISA,
and MAG-BERT), our approach achieved competitive results. In addition, we reproduced
the three best baselines Self-MM, MMIM, and SUGRM under the same conditions. We
found that our model outperformed them in most of the evaluations. Specifically, in the
CMU-MOSI dataset, only MMIM outperformed our model in the evaluation metric of the
MAE, which we analyze as a result of the fact that MMIM uses a historical data memory
mechanism for entropy estimation, which ensures the stability and accuracy of the training
process. And on the CMU-MOSEI dataset, our model successfully exceeded all baseline
metrics and reached the optimal level.

Table 3. Experimental results on CMU-MOSI and CMU-MOSEI.

Model
CMU-
MOSI

CMU-
MOSEI Data State

Acc-2 F1-Score MAE Corr Acc-2 F1-Score MAE Corr

TFN † - /80.8 - /80.7 0.970 0.698 - /82.5 - /82.1 0.593 0.700 Unaligned
LMF † - /82.5 - /82.4 0.917 0.695 - /82.0 - /82.1 0.623 0.677 Unaligned

RAVEN ‡ -/78.0 -/76.6 0.915 0.691 -/79.1 -/79.5 0.614 0.662 Aligned
MulT † 81.5/84.1 80.6/83.9 0.861 0.711 - /82.5 - /82.3 0.580 0.703 Aligned
MISA † 80.79/82.10 80.77/82.03 0.804 0.764 82.59/84.23 82.67/83.97 0.568 0.724 Aligned
MAG-

BERT ‡ 82.5/84.0 82.4/84.0 0.778 0.766 81.3/84.8 81.7/84.7 0.567 0.742 Aligned

Self-MM 84.00/85.98 84.42/85.95 0.713 0.798 82.81/85.17 82.53/85.30 0.530 0.765 Unaligned
MMIM 84.14/86.06 84.00/85.98 0.700 0.800 82.24/85.97 82.66/85.94 0.526 0.772 Unaligned

SUGRM 84.4/86.3 84.3/86.3 0.703 0.800 83.7/84.4 83.6/84.0 0.544 0.748 Unaligned

Self-MM * 82.60/84.67 82.52/84.66 0.726 0.786 82.51/84.99 82.57/85.02 0.535 0.769 Unaligned
MMIM * 82.94/84.91 82.81/84.84 0.707 0.785 82.89/85.34 82.75/85.48 0.552 0.768 Unaligned

SUGRM * 82.36/83.99 82.35/84.04 0.727 0.776 82.85/83.81 82.94/83.83 0.542 0.742 Unaligned
Ours * 83.14/84.91 83.17/84.96 0.711 0.788 83.12/85.91 83.19/85.93 0.531 0.775 Unaligned

5.2. Ablation Study

Unimodal Task Analysis: To evaluate the contribution of unimodal tasks in Self-HCL,
we conducted experiments to test the effects of different unimodal task combinations. As
shown in Table 4, the overall performance of the model was improved after integrating
unimodal tasks, and M, T, A, and V represent multimodal, text, audio and visual tasks,
respectively. In the CMU-MOSI dataset, the model performance improved regardless
of which modality task was added individually. In particular, the “M, A, T” and “M,
V, T” combinations performed better than the “M, A, V” combination. A comparable
phenomenon can be observed in the CMU-MOSEI dataset. To summarize, unimodal tasks
have a positive effect on enhancing model performance. Specifically, text and audio modal
tasks have been demonstrated to have a more significant influence on improving performance.

UFEM: To examine the efficiency of our proposed UFEM in improving unimodal
features, we performed an ablation experiment using the baseline model SUGRM [11]. We
made adjustments to SUGRM: we removed its modal feature calibration (MRM) component
and implanted the UFEM for feature enhancement while keeping the other modules
unchanged. The same adjustment was applied to the Self-HCL to compare the performance
differences between the UFEM and MRM. Table 5 shows the performance comparison
results of the two models on the unaligned datasets CMU-MOSI and CMU-MOSEI. The
underlined numbers indicate improved performance compared to the baseline model. As
can be seen in Table 5, when our model adopted MRM , its performance generally showed
a downward trend. In contrast, when the SUGRM adopted our proposed UFEM, its overall
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performance showed a significant improvement. This is attributed to the fact that the
UFEM enhances the focus on key features and improves the expressiveness of the features,
thus improving the performance of the model.

Table 4. Ablation study of unimodal task dominance using the unaligned datasets CMU-MOSI and
CMU-MOSEI.

CMU-
MOSI

CMU-
MOSEI

Task Acc-2 F1-Score MAE Corr Acc-2 F1-Score MAE Corr

M 81.78/83.73 81.80/83.91 0.729 0.775 82.19/84.15 82.70/84.42 0.548 0.757
M, T 82.13/83.93 82.07/83.99 0.737 0.783 82.40/84.70 82.42/84.15 0.538 0.758
M, A 82.20/84.06 82.19/84.13 0.748 0.772 82.70/84.77 82.90/84.60 0.543 0.762
M, V 81.47/84.23 82.51/84.06 0.742 0.769 82.23/83.52 82.36/83.73 0.546 0.751

M, A, V 82.99/84.77 82.55/84.56 0.722 0.782 82.23/84.23 82.68/85.29 0.544 0.761
M, A, T 83.02/84.92 83.21/84.95 0.728 0.783 83.20/85.43 83.07/85.51 0.543 0.762
M, V, T 82.92/85.08 82.72/84.86 0.718 0.775 82.23/85.23 82.68/86.10 0.529 0.757

M, T, A, V 83.14/84.91 83.17/84.96 0.711 0.788 83.12/85.91 83.19/85.93 0.531 0.775

Table 5. UFEM ablation study on the unaligned datasets CMU-MOSI and CMU-MOSEI.

CMU-
MOSI

CMU-
MOSEI

Model Module Acc-2 F1-Score MAE Corr Acc-2 F1-Score MAE Corr

SUGRM MRM 82.36/83.99 82.35/84.04 0.727 0.776 82.85/83.81 82.94/83.83 0.542 0.742
UFEM 82.47/84.23 82.45/84.27 0.723 0.779 83.02/84.23 83.11/84.43 0.538 0.756

Ours MRM 82.84/84.52 82.93/84.47 0.718 0.780 82.94/85.63 82.96/85.71 0.536 0.762
UFEM 83.14/84.91 83.17/84.96 0.711 0.788 83.12/85.91 83.19/85.93 0.531 0.775

HCL: In order to explore the impact of Hybrid Contrastive Learning (HCL) on our
model performance, we conducted an ablation study on the unaligned datasets CMU-MOSI
and CMU-MOSEI. Since HCL contains both Unsupervised Contrastive Learning (UCL) and Su-
pervised Contrastive Learning (SCL) mechanisms, our ablation design was specified as follows:

• Employ w/o UCL: Remove only unsupervised contrastive learning from Self-HCL
while leaving the rest unchanged.

• Employ w/o SCL: Remove only supervised contrastive learning from Self-HCL while
keeping the remaining parts unaltered.

Table 6 shows the results of this ablation experiment. It is observed that when UCL
was removed, the model showed a slight decrease in all the metrics, thus indicating that
the UCL has a positive impact on improving the model’s accuracy, F1-score, and Corr, as
well as contributes to reducing the MAE. A similar trend can be observed when SCL was
removed, thus confirming the effectiveness of HCL in enhancing the model in complex
sentiment analysis tasks.

ULGM: The unique feature of our proposed ULGM is the introduction of a new unsu-
pervised contrastive learning space, which is missing in the baseline model SUGRM [11].
Therefore, we did not directly apply the ULGM to the SUGRM, but we instead chose to
perform ablation experiments within the Self-HCL framework. The specific settings are the
following: ULGMOurs represents using our proposed ULGM in Self-HCL while ensuring
that all other component configurations remain unchanged. For comparison, ULGMSUGRM
represents the ULGM proposed using the SUGRM in Self-HCL while also keeping other
components constant. Table 7 shows the results of the two processing methods on the
unaligned CMU-MOSI and CMU-MOSEI datasets. We can observe from the table that
when Self-HCL adopted the ULGMSUGRM, various performance indicators of the model
declined to varying degrees. This is because ULGMSUGRM faces challenges when dealing



Electronics 2024, 13, 2835 15 of 18

with similarity modal features, while ULGMOurs takes full advantage of contrastive learning
in mining feature differences by introducing a new UCL Space, thereby successfully solving the
limitations of ULGMSUGRM and ultimately improving the overall performance of the model.

Table 6. Ablation study of HCL on the unaligned datasets CMU-MOSI and CMU-MOSEI.

CMU-
MOSI

CMU-
MOSEI

Model Acc-2 F1-Score MAE Corr Acc-2 F1-Score MAE Corr

w/o UCL 82.55/84.26 82.60/84.25 0.728 0.769 82.62/85.45 82.60/85.38 0.558 0.759
w/o SCL 82.78/84.23 82.86/84.57 0.722 0.773 82.87/85.68 82.86/85.68 0.546 0.762

Ours 83.14/84.91 83.17/84.96 0.711 0.788 83.12/85.91 83.19/85.93 0.531 0.775

Table 7. Ablation study of ULGM on the unaligned datasets CMU-MOSI and CMU-MOSEI.

CMU-
MOSI

CMU-
MOSEI

Model Acc-2 F1-Score MAE Corr Acc-2 F1-Score MAE Corr

ULGMSUGRM 82.49/84.30 82.58/84.33 0.727 0.768 82.50/85.47 82.66/85.58 0.552 0.760
ULGMOurs 83.14/84.91 83.17/84.96 0.711 0.788 83.12/85.91 83.19/85.93 0.531 0.775

5.3. Case Study

HCL: To facilitate a qualitative examination of the Hybrid Contrastive Learning (HCL),
we employed t-SNE [35] to visualize the preliminary distribution of some data and the
hidden layer dynamics of the model subsequent to the application of HCL. As shown in
Figure 5, the data without HCL processing had random distribution characteristics with no
clear boundaries or clustering tendencies. In contrast, after applying HCL, the correlation
between data points was optimized, the data points of the same category were aggregated
to form a tight structure, and the separation between different categories was improved,
thus showing stronger structure and recognizability. This shows that HCL plays a key role
in improving model learning efficiency by strengthening feature fusion and contrastive
learning, in addition to using multimodal label information to guide model training.
Nevertheless, some data points may still be misclassified due to factors such as noise
interference, modal mismatch, and sample complexity. Despite these problems, overall,
HCL significantly improved the model’s representation and classification performance for
multimodal data. This finding prompts us to further optimize the learning strategy of the
model to reduce misclassification.

(a) Before HCL

neu
pos
neg

(b) After HCL

Figure 5. T-SNE visualization of the embedding space.

ULGM: To evaluate the performance of the ULGM, we conducted experiments on the
unaligned CMU-MOSI dataset. Figure 6 shows the trajectory of the unimodal labels, which
gradually stabilized as the number of training iterations increased. After approximately
12 training epochs, the unimodal label distribution generated by the ULGM showed
significant stability. Furthermore, to quantitatively evaluate the quality of the multimodal
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labels generated by our model, we compared it with two baseline models: the Self-MM
and SUGRM. Table 8 shows a detailed comparison of the fit between multimodal labels
generated by different models and real labels. The results show that the multimodal labels
generated by our proposed model fit the real labels more closely, which further proves the
effectiveness and advancement of the ULGM.
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Figure 6. Visualization of the generated unimodal labels update process across epochs on the
CMU-MOSI dataset.

Table 8. Case study for the Self-MM, SUGRM, and our model on the CMU-MOSI dataset.

Example Annotation Self-MM SUGRM Ours

Save your money wait till it comes out on rental.
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And I liked the first movie. I thought the first
movie was really good.
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And I guess normally Shrek is for adults.
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6. Conclusions

In this work, we have presented a novel Multimodal Sentiment Analysis framework:
Self-HCL. This framework optimizes the learning of unimodal feature representations in
the absence of unimodal labeling by applying the Unimodal Feature Enhancement Mod-
ule (UFEM), and it utilizes the Sparse Phased Transformer to capture and integrate the
final feature representations for each modality. Furthermore, we implemented a Hybrid
Contrastive Learning (HCL) strategy to enhance the representation of multimodal data
and proposed a novel Unimodal Label Generation Module (ULGM) to generate stable
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unimodal labels in a brief timeframe. Although Self-HCL introduces multiple optimization
mechanisms, this may result in increased complexity and computational requirements for
the model. However, we acknowledge that the introduction of multiple optimization mech-
anisms has increased the model’s complexity and computational demands. This tradeoff
between performance and computational efficiency is a critical consideration, especially in
resource-constrained environments.

In light of these findings, we have identified avenues for future research. The primary
focus will be on simplifying the model’s architecture while striving to maintain or enhance
its performance. This endeavor will involve exploring more lightweight components
and algorithms that can offer comparable or superior results with reduced computational
overhead. Moreover, we will delve deeper into the analysis of the results obtained, thus
examining the impact of each component of Self-HCL on the overall performance. This
comprehensive evaluation will provide valuable insights into the strengths and limitations
of our framework, thus guiding further refinements and optimizations. Finally, we are
committed to extending the applicability of Self-HCL to diverse domains and datasets,
thus ensuring its robustness and versatility in real-world scenarios. By doing so, we
aim to contribute to the broader field of sentiment analysis and pave the way for more
sophisticated and efficient multimodal frameworks.
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