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Abstract

Multimodal sentiment analysis aims to uncover
human affective states by integrating data from
multiple sensory sources. However, previous
studies have focused on optimizing the model
architecture, neglecting the impact of objec-
tive function settings on model performance.
Given this, this study introduces a new frame-
work - DMMSA, which integrates uni and mul-
timodal sentiment analysis tasks, utilizes the
intrinsic correlation of sentimental signals, and
enhances the model’s understanding of com-
plex sentiments. In addition, it reduces task
complexity by incorporating coarse-grained
sentiment analysis. Meanwhile, the frame-
work embeds a contrastive learning mechanism
within the modality, enhancing the ability to
distinguish between similar and dissimilar fea-
tures. We conducted experiments on CH-SIMS,
MOSI, and MOEI. The results showed that
DMMSA outperformed the baseline method
in classification and regression tasks when the
model structure was unchanged, and only the
optimization objectives were replaced.

1 Introduction

Multimodal Sentiment Analysis (MSA) revolves
around integrating and synergistic parsing of di-
verse heterogeneous data modalities (Yang et al.,
2024; Du et al., 2024; Liu et al., 2024), encompass-
ing many information forms such as text, visual,
auditory, and even biometric markers. (Sun et al.,
2023) With the evolution of social media ecosys-
tems and the proliferation of multimedia content,
information presentation has evolved from pure
text to richly illustrated content, culminating in
today’s prevalent video-based information (Yang
et al., 2023; Huang et al., 2024).

Traditional unimodal sentiment analysis is con-
fined mainly to the textual domain (Zeng et al.,
2024). In contrast, MSA encompasses a compre-
hensive interpretation of multiple perceptual chan-
nels, including visual cues (e.g., facial expression,

scene color, and body movement) and audio char-
acteristics (e.g., pitch amplitude, frequency distri-
bution, and speech tempo) (Hu et al., 2022; Ging
et al., 2020). MSA has garnered significant atten-
tion in recent research. On the one hand, human
sentimental expression inherently possesses cross-
modal properties, with text, speech, and even haptic
cues intricately interwoven to form sentiments, ren-
dering a single modality insufficient to fully unveil
the complexity of sentiments. (Lu et al., 2024; Shi
et al., 2024) On the other hand, MSA technolo-
gies, through their deep fusion of multiple signal
sources, significantly enhance the accuracy of sen-
timent recognition and understanding, fulfilling the
high-precision sentimental intelligence demands
in domains such as intelligent customer service,
VR/AR experience optimization, and precise men-
tal health assessment (Truong and Lauw, 2019;
Feng et al., 2024).

Multimodal fusion has emerged as a core tech-
nique for understanding video contexts, demon-
strating its value across numerous downstream
tasks (Liang et al., 2022; Mai et al., 2022; Sun
et al., 2020). Prior research has proposed a series
of fusion techniques for MSA. For instance, Yu
et al (Yu et al., 2020). employ a self-supervised
joint learning strategy called self-mm, it integrating
discriminative information learned from individual
unimodal tasks with shared similarity information
from the multimodal task during the late fusion
stage, thereby enhancing model performance.

While multimodal fusion techniques are crucial
for models (Fu et al., 2024; Jiang et al., 2024),
setting optimization objectives is equally indispens-
able in model construction (Yang et al., 2023). Suit-
able optimization objectives effectively guide the
model towards continuous performance optimiza-
tion throughout training (Yang et al., 2023). More-
over, as shown in Figure 1, optimization objective
setting and model structure optimization focus on
different modules, complementing each other.



Figure 1: (a) lllustrates critical and secondary modules in the process of optimizing model architecture. Such
approaches focus on enhancing the unimodal feature extraction and multimodal feature fusion modules. (b) Presents
the modules of primary concern in our work. We concentrate on improving model performance by setting appropriate
optimization objectives while maintaining the unchanged structure of other modules.

the model in decomposing unimodal features and
establishing text-centered contrastive relations.

2. By employing coarse-grained sentiment anal-
ysis tasks, we effectively converge the prediction
range, reducing the complexity of modeling senti-
mental intensity.

3. To address the issue of unequal convergence

Figure 2: An example from the CH-SIMS dataset. at€s among different tasks during multitask train-
ing, we propose the GDWG strategy, effectively

In MSA tasks, unimodal sentiments directly im-_>" "~ . .
: _ mitigating negative transfer effects arising from
pact overall sentiments (Aslam et al., 2023; TruongS )
uch mismatches.

and Lauw, 2019; Liu et al,, 2019). As shown in Our model is evaluated on three benchmark

Figure 2, each modality carries unigue sentimental
g y g atasets: CH-SIMS[6], MOSI[9], and MOSEI[10].

tendencies. Therefore, the model should be able
consider both uni and multimodal sentiments com- he results showed that DMMSA outperformed

prehensively. Another challenge faced by MSAthe baseline method in classi cation and regression
tasks when the model structure was unchanged,

tasks lies in their broad range of sentiment ratings. d onlv th timizati biecti laced
For example, the MOSI dataset requires models t nd only the optimization objectives Were replaced.
dditionally, we conduct comprehensive ablation

accurately map samples to the sentiment intensitgt di bstantiating the ef ; h
scale of [-3,+3], increasing the prediction dif culty. udies, substantiating the €t cacy ot each compo-

_ nent within our proposed architecture.
Given these challenges, we propose DMMSA, a

Dynamic Tuning andulti-Task LearningMSA 5>  Related Work
model. DMMSA ensures the model can capture
unimodal signals in detail and integrate multimodal2.1 Multimodal Sentiment Analysis

information through collaborative optimization of oq 5 core topic in affective computing research

unimodal and multimodal tasks. The model isy;ga has primarily been focused on representa-

equipped with a text-oriented contrastive leaming;o, |earning and multimodal fusion strategies by
module to promote feature decoupling and enhancEast scholars. In representation learning, Wang

the depth and accuracy of sentimental understand; g (Wang et al., 2019). introduced the Re-

ing. Furthermore, incorporating coarse-grained,,rrent Attended Variation Embedding Network
sentiment classi cation tasks to converge the pre(RAVEN), tailored for ne-grained structural mod-

diction range has improved the accuracy of sensjing of non-verbal subword sequences, dynam-
timent intensity determination. We |mplementedica”y adjusting word-level representations in re-

Global Dynamic Weight Generation(GDWG) 10 gnqnse to non-verbal cues. Regarding multimodal
avoid negative transfer effects and achieve joint ad,qion techniques, Zaden etal (Zadeh et al., 2017).
justment of model parameters, thereby maXimiZianesigned the Tensor Fusion Network to deeply
overall performance. model intra-modal and inter-modal relationships
The main contributions of this paper can be sumin online video analysis, addressing the transient
marized as follows: variability of spoken language, sign language, and
1. We propose the Multi Nt-Xent loss to guide audio signals. Subsequently, they advanced the
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Memory Fusion Network (Zadeh et al., 2018),downstream tasks such as visual question answer-
employing attention mechanisms for interactive ining and caption generation. Similarly, Akbari et al
formation integration across different views. Sun(Akbari et al., 2021). trained a vision-audio-text
etal (Sunetal., 2023)., attentive to heterogeneityranslation model using the same contrastive learn-
issues, proposed an attention-based cross-modal approach, successfully achieving deep align-
fusion scheme that facilitates modal interactiongnent among these three modalities.
through attention mechanisms, promoting the effec- In performing MSA tasks, Yang et al. (Yang
tive alignment of distinct modal features. Howeveret al., 2023). devised two contrastive learning
these efforts overlooked the potential impact of opmechanisms, intra-modal contrast, and inter-modal
timization objective design on model performancecontrast, to guide the model toward generating fea-
Yu et al (Yu etal., 2020). recognized the signi - tures that embody homogeneity across modalities
cant in uence of unimodal sentimental expressionsand capture heterogeneity between them. This strat-
on overall affective states, leading to the construcegy ensures that the model attends equally to com-
tion of the CH-SIMS dataset, encompassing botlmonalities and differences in modal interactions
uni- and multimodal sentiment intensity measuresduring modeling. Nonetheless, while this method
Their study employed the L1 loss function for mul-yielded promising results, it did not address the lim-
timodal and unimodal sentiment analysis as a jointtation of traditional NT-Xent loss functions, which
optimization objective. Experimental results re-are tailored for single positive pair settings and
vealed that incorporating unimodal sentiment analll-suited for scenarios involving multiple positive
ysis tasks enhanced the model's accuracy in preairs; NT-Xent loss is
dicting holistic sentimental dispositions. Yang et al. X
(Yang et al., 2023). decomposed unimodal repré-"™ = (ap)2p
sentations into similarity and dissimilarity compo-
nents, utilizing a text-centric contrastive learning where, n, is the temperature coef cient control-
approach. However, when implementing multi-ing the similarity distribution. (a; p) and (a; k)
task learning, they failed to adequately account foflenote positive and negative sample pairs, respec-
potential negative transfer effects resulting fromtively. N represents the set of negative pairs, while
pronounced disparities in task convergence ratel8 signi es the set of positive pairs. Assuming the

log P. exp(sim (&;p)= m) )
exp(sim (a;k)=m)

(ak )2N[ P

and loss scales. model has already converged, the formula can be
In contrast, the DMMSA model introduces a further simpli ed as follows:

GDWG mechanism, enabling the model to adap- o = X 0g 1 o

tively adjust task weights based on the relative rates (aprzp N

of lpsstgec(jre?_se dutrlln_g tralntmgfg, effegnveJy m|]:[|- where, the symbah denotes the number of pos-
gating Ihe detrimental impact of negative transtefy, . sample pairs. Observing the above formula,
on model performance. Moreover, DMMSA incor-

. . . it becomes evident that when dealing with a single
porates coarse-grained sentiment analysis tasks b%sitive pair scenario, i.en, = 1, the Contrastive

constrain the prediction scope. Loss (CL) value precisely equals zero. However,

2.2 Contrastive Learning the CL manifestly fails to converge to zero in sit-

. . . ations involving more than one positive pair, i.e.,
Contrastive learning systematically constructs an

discriminates betw feature diff . > 1. In light of this limitation, this paper, while
ciscriminates between leature difierences in pc_)%éveraging contrastive learning strategies to aid the
itive and negative sample pairs to reveal intrinsic

tructural relationshi ithin data (Hu et al 2022_model in extracting both similar and dissimilar fea-
\s(ruc urta :e Z(I)OZZS Il<phs WI' mt allaz(o;lé f ¢ al tures, proposes an improvement to the NT-Xent
ang eta., » "hosia et al., » L€ €Ll s function tailored to accommodate multiple pos-

2021). This strategy has proven particularly ef'itive instances, namely the Multi NT-Xent loss:

fective in multimodal feature fusion research (Li p

et al., 2020). Speci cally, Radford et al (Radford . - g B_tp)2° exp(sim (a;p)= m) .
. . MNTX -

et al., 2021). employed multimodal contrastive (ak 2w [ p EXP(SIM (@K)= m)

learning techniques to align image-text pairs, ef- .
g g g g P Under the condition of model convergence, the

fectively alleviating inherent data heterogeneity func be further simpli ed as-
between visual and textual modalities and fosterl—OSS unction can be further simpli ed as.

ing widespread application in diverse multimodal Luntx = log % )
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Consequently, the model is effectively guided inaII tasks, effectively mitigating negative transfer

its contrastive learning tasks, whether faced with sffects ahrlsmg ]t;r'(l)'m grac(jjlept _mlsallg?mhent and Tln'
single positive pair or multiple ones. suring the stability and ef ciency of the overa

learning process. The resultant aggregate loss is
3 Methodology

Lmsa = Lmsk + Lmsc * wuni Luni + cLlcL (5)

3.1 Problem Formulation ] _
where, denotes the weights assigned to each

MSA aims to decipher sample sentimental stateg, o\ by the GDWG method.ysr represents the
by harnessing multiple signals, encompassing texpqq for Multimodal Sentiment Regressidngsc

(It), visual {v), and audioi() modalities. Task  giands for the loss associated with Multimodal Sen-
types within this domain are typically categorizedjyant Classi cation,L i signi es the loss for
into two broad classes: classi cation and regresgimodal Sentiment Analysis, and:; denotes
sion. Focusing on the latter, the proposed DMMSAp ¢ contrastive Learning loss. MSA is the core
model takedy, 1y, andl, as inputs, yielding an 54 of our model. To ensure the stability and co-
output sentimental intensity valye, constrained  \orence of its learning process, we have xed the
within the actual intervdl R;R], WhereR_de nes \veights associated withysg andL wsc , which

the upper and lower bounds of the sentiment SCorg; josely tied to the performance of the MSA task.

3.2 Model Architecture Meanwhile, we adjust the weights of thg,; and
. . LcL tasks to enhance the MSA task's learning ef -
The overall architecture of the DMMSA model is cacy while minimizing any potential perturbations

dep_icted in Figure 3, fqllowing a processing OW they may introduce to the learning trajectory of the
outlined as follows: Given an input sample, uni-\,ga task

modal data sourc_e$t( v, 1a) are 'rst subjegted Lmsr: The Multimodal Sentiment Regression
o fee(tjture egtrgctlon thrlougr; dedlcaéed ummopl_a,oss aims to guide the model in integrating signals
encoders. subsequently, a feature ecomposm%m different modalities to estimate the sentimen-

layer d!sass_emblgs the er.1co_de_d u_nlmodal feature& intensity of samples accurately. Herein, we feed
ext_ractlng similarity and dissimilarity componen_ts.the fused decomposed similarity and dissimilarity
Ultlmaf[ely, these decomposed f(_aatures are fed NP atures into a Multimodal MLP for sentiment in-

a multimodal MLP module, which generates thetensity prediction, associating its output with the

nal sentiment analysis output. given multimodal sentimental intensity labels via

_ In pl_”su't of optimized model training, DMMSA a Smooth L1 loss function to derive this loss. The
is engineered to concurrently execute four taSk‘cfbrmuIaic expression is as follows:

- Fine-grained Multimodal Sentiment Regression

(MSR), aimed at precise quanti cation of sentimen- y = MLP ([Ts;Ta;As;Ad;Vs;Val) ®
tal intensity;- Coarse-grained Multimodal Senti- , 0

; ; ; ; _ 0:5 (L—X)%if (L 1
ment Classi cation (MSC), serving to restrict the Lo =0 (y) 3:5,;'0t(herwisg< @)

prediction space® Unimodal Sentiment Analysis,
reinforcing the learning of unimodal representa-wherey represents the predicted resyltepre-
tions; and Contrastive Learning, enhancing the sents the multimodal sentiment label, andon-
model's discriminative ability between similar and trols the smoothness.
dissimilar features. Strategically, the integration Lysc: The Multimodal Sentiment Classi ca-
of unimodal and multimodal sentiment tasks ention loss aims to guide the model in coarse-grained
courages the model to account for both multimodatategorization of sentimental states, thereby con-
and unimodal sentiments, while the coarse-grainedtraining the prediction space and facilitating pre-
classi cation task imposes a bounded predictiorcise targeting in sentiment analysis tasks. Here,
scope, enhancing localizationaccuracy. Contrastivere rst map the sentimental intensity labels of
learning further re nes feature discriminability.  samples to prede ned sentimental polarity cate-
When constructing the loss function to multitaskgories (e.g., positive, negative, neutral) according
joint training, we introduce a GDWG mechanismto pre-established rules, forming an sentimental
cognizant of the potential disparity in gradient up-polarity label set. Subsequently, the decomposed
date rates among different tasks. This method is deaultimodal features are effectively concatenated
signed to balance the gradient descent rates acroaad passed as input to a sentiment classi er, which
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