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Abstract

Significant advancements in multimodal sentiment analysis tasks have been achieved through cross-modal attention
mechanisms (CMA). However, the importance of modality-specific information for distinguishing similar samples is often
overlooked due to the inherent limitations of CMA. To address this issue, we propose a Text-centered Cross-sample Fusion
Network (TeCaFN), which employs cross-sample fusion to perceive modality-specific information during modal fusion.
Specifically, we develop a cross-sample fusion method that merges modalities from distinct samples. This method maintains
detailed modality-specific information through the use of adversarial training combined with a task of pairwise prediction.
Furthermore, a robust mechanism using a two-stage text-centric contrastive learning approach is developed to enhance
the stability of cross-sample fusion learning. TeCaFN achieves state-of-the-art results on the CMU-MOSI, CMU-MOSEI,
and UR-FUNNY datasets. Moreover, our ablation studies further demonstrate the effectiveness of contrastive learning and
adversarial training as the components of TeCaFN in improving model performance. The code implementation of this paper
is available at https://github.com/TheShy-Dream/MSA-TeCaFN.

Keywords Multimodal sentiment analysis - Contrastive learning - Multimodal fusion - Modality-specific information

1 Introduction

The burgeoning short-form video industry has led to an
exponential growth in multimodal data, which includes text,
audio, and video components [1-3]. As people increasingly
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express their emotions, opinions, and thoughts across vari-
ous media, there is a heightened need for sophisticated mul-
timodal sentiment analysis tools to interpret these diverse
modes of expression with precision [4]. Multimodal senti-
ment analysis has a wide range of practical applications. For
instance, in social media monitoring, it helps brands under-
stand public sentiment towards their products or services by
analyzing images, videos, and text to track human interest
and upgrade new designs [5]. In film studies, it could be used
to track the evolution of characters’ emotions throughout a
movie to provide deeper insights into narrative structures
and character development. For trend analysis in the context
of sequential video frames, multimodal sentiment analysis
can be applied to detect and analyze emotional changes over
time. For instance, by applying multimodal sentiment analy-
sis to a series of video frames, healthcare professionals can
observe changes in a patient’s facial expressions and body
language over time, which can be crucial for understanding
the progression of their emotional well-being to personalize
care plans and improve patient satisfaction and outcomes
[6]. Most multimodal sentiment analysis frameworks pri-
marily focus on integrating different modalities, known as
multimodal fusion [5]. Traditional RNN-based approaches
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like TFN [7] and MFN [8] concentrate on capturing tem-
poral information and employ straightforward methods like
concatenation or summation of modality-specific tensors.
With the advent of transformers, models such as MulT [9]
and MAG-BERT [10] have been developed to facilitate more
effective interactions between modalities using transformers.
Notably, MISA [11] and Self-MM [12] incorporate auxiliary
tasks to bridge the divide between different modalities. Most
methodologies are underpinned by the hypothesis, supported
by numerous researchers [13, 14], that cross-modal attention
mechanisms are capable of intuitively identifying the inter-
connections between a given modality and others [5, 15].
One technique for enhancing cross-modal attention is to
provide modalities with potential modal clues that capture
desirable properties. Some recent work [16—19] advocate
for the primacy of text as a modality, asserting its unique
fusion capabilities not found in other modalities. They
propose text enhancement to emphasize the importance
of text-driven cross-modal fusion, leading to improved
accuracy. However, within the framework of cross-modal
attention fusion, a potential learning bias may exist. The
cross-modal attention mechanism operates by measuring
the relevance of features from one modality to a query in
another, often text [20, 21]. This process inherently biases
the integration towards samples highly similar to the textual
query, potentially leading to the convergence of feature
selection. As a consequence, modality-specific information
from non-text modalities that do not closely align with the
textual features may be overlooked or discarded, resulting in
a loss of the original modality’s distinctiveness.
Sentimental trend analysis in the context of continuous
video frames is particularly challenging due to the abun-
dance of similar samples. These frames often contain repeti-
tive visual and audio cues, such as identical facial expres-
sions or consistent speech patterns, which can make it
difficult for models to distinguish between genuine sentiment
changes and mere noise. The task requires sophisticated
machine learning models capable of recognizing the subtle
differences in sentiment even within these similar frames,
emphasizing the importance of robust feature extraction and
modality-specific information to capture the true sentimen-
tal trends. As illustrated in the left part of Fig. 1, during
the sentiment semantic alignment (with text modality as the
anchor, for instance) of different modalities, the subtle dif-
ferences (modality-specific information) between the visual
modality of two highly similar samples, S1 and S2, could
be vanished once aligned with the text modality’s sentiment
semantics. The right part in Fig. 1 takes a text-centric cross-
modal attention based model as instance. Sample 1 (S1) and
Sample 2 (S2) share the same textual positive intensity but
differ in emotional strength. Sample 1 is labeled as ‘Positive,
2.0’ and Sample 2 as ‘Positive, 2.2°, with a minor intensity
difference of 0.2. During text-centered cross-modal attention
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alignment and fusion, the model might neglect the nuanced
differences in the video modality due to identical textual
emotional expressions. This can result in an alignment that
needs to account for these subtle variations within the video
modality. Consequently, some cross-modal attention-based
models (CMA-FN) incorrectly predict both Sample 1 and
Sample 2 as ‘Positive, 2.1°, even though the actual label for
Sample 1 is ‘Positive, 2.0 and the actual label for Sample
2 is ‘Positive , 2.2°. Hence, when samples exhibit a high
degree of similarity, and their sentiments are challenging
to differentiate based solely on modal consistency, it is cru-
cial to consider fine-grained indicators from the modality-
specific information for their differentiation. Ideally, modal
fusion should not only amalgamate consistent information
across modalities to minimize redundancy but also extract
modality-specific information to enhance precision [11, 12].

When considering the retention of modality-specific
information during modal fusion, an important question
arises: Q1: How can we utilize strategies within cross-
modal attention mechanisms to ensure that modality-specific
information is preserved for more precise predictions? As
depicted in Fig. 1, even though the textual and auditory
modalities convey the same sentiment, a slight change
in the visual modality leads to a 0.2 intensity difference
between Sample 1 and Sample 2. It is crucial to devise a
method to model these minor differences (modality-specific
information) to distinguish highly similar samples. One
potential solution is to employ a cross-sample learning
method to capture these minor differences and effectively
encapsulate modality-specific information. Nevertheless, the
samples collected are from complex, real-world multimodal
data, and the minute differences among similar samples
are incredibly varied. Thus, developing a cross-sample
learning method that can accurately model subtle variations
and effectively preserve modality-specific information is a
significant challenge, especially considering the inherent
learning biases in cross-modal attention alignment.
Furthermore, cross-sample learning methods often grapple
with instability due to the pronounced variability among
samples. Without a well-devised method for sample
selection and feature learning constraint, the learning results
can be highly erratic, with a risk of learning predominantly
noise [22]. This brings us to an essential question, Q2:
How can we develop a sturdy mechanism within a cross-
modal attention framework to enhance the stability of cross-
sample learning methods and prevent the interference of
unnecessary noise? One crucial factor in implementing a
cross-sample learning technique that captures modality-
specific information between highly similar samples is
to establish an appropriate similarity metric to filter out
highly similar samples for cross-sample learning. Another
vital factor is that some samples may fail to find similar
samples for learning. In such cases, some poor features
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Fig. 1 Left: Illustration of learning biases of cross-modal attention
fusion networks. Right: Comparisons between prior cross-modal
attention based models and our TeCaFN with two samples from
CMU-MOSI. S1 denotes Sample 1, while S2 for Sample 2. Hard
negatives: Instances in other modalities that closely resemble the cur-
rent ones. CMA-FN denotes previous CMA-based works like TETFN
[17], which often fail to detect subtle emotional differences in hard
negatives due to the neglect of modality-specific information preser-
vation with their learning biases. In contrast, TeCaFN utilizes a cross-
sample learning technique to retain modality-specific information,

might be learned from these dissimilar samples, introducing
unnecessary noise. Therefore, aligning and integrating the
features obtained after cross-sample learning is also critical
in ensuring the stability of cross-sample feature learning.
These two aspects are critically significant in creating a
sturdy mechanism within a cross-modal attention framework
to strengthen the stability of cross-sample learning methods.

In addressing QI, we must enhance the signals of
emotional nuances in similar samples. As illustrated in
Fig. 1, cross-sample learning involves a text-centric fusion
process that integrates text with other modalities. Typically,
the text from a given sample is combined with that of a
highly similar sample from a different modality but not with
itself. This fusion process incorporates adversarial training
to extract the nuanced, modality-specific details across
different modalities. Subsequently, a pairwise classification
task, distinguishing between ‘Paired’ or ‘Unpaired’, is
applied to the merged features to detect subtle differences
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thereby capturing these nuanced differences. Essentially, TeCaFN
first aligns modalities with corresponding texts and then maintains
the textual information constant, while other modalities may be
fused with hard negatives. The ground truth is paired with the sam-
ple providing the text modality. In Sample 1, the text is fused with
the hard negative, resulting in an “Unpaired” output (denoted as the
orange line), while the text of Sample 2 is fused with itself, yielding
a “Paired” output (denoted as the green line). With these configura-
tions, TeCaFN can discern a subtle difference of sentiment intensity
between Sample 1 and Sample 2 (colour figure online)

within highly similar modalities. In addressing 02, we
develop a two-stage contrastive learning approach within
a cross-modal attention framework to solidify the cross-
sample fusion process. The first stage utilizes unimodal
contrastive learning to rank unimodal features by similarity,
filtering out analogous samples for cross-sample fusion. The
second stage implements bimodal contrastive learning to
counteract the instability caused by poorly aligned similar
samples with subpar features. Given the critical importance
of text in sentiment prediction [16—18], a text-centric
approach is applied in both stages of contrastive learning.

Put it together, we propose a novel network, Text-
centered Cross-sample Fusion Network (TeCaFN),
that integrates the modules above and functionalities.
Comparative experimental results on the CMU-MOSI,
CMU-MOSEI, and UR-FUNNY datasets demonstrate that
our proposed TeCaFN method attains the new state-of-the-
art in multimodal sentiment analysis.
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The contributions of this paper can be outlined as follows:

e We propose a novel text-centered cross-sample fusion
network for multimodal sentiment analysis, which can
capture modality-specific information within a cross-
modal attention mechanism, enhancing the ability to
distinguish between highly similar samples and thereby
improving performance.

e We devise a two-stage contrastive learning strategy to
facilitate the cross-sample fusion process, contributing
to the stability of the proposed TeCaFN’s predictions.

e We conduct extensive experiments on CMU-MOSI,
CMU-MOSEI, and UR-FUNNY, with results showcasing
that our proposed TeCaFN attains state-of-the-art
performance across nearly all accuracy metrics.

The upcoming sections are assigned as follows: Sect. 2
offers a comprehensive overview of the latest developments
in multimodal sentiment analysis. Section 3 delves into
the specifics of our proposed model. Section 4 outlines the
detailed procedures employed in our experiments. Lastly,
Sect. 5 concludes this paper and presents future directions
for exploration.

2 Related work

This section provides an overview of related work on
multimodal sentiment analysis methods, mainly modality-
specific information learning, and text-centered fusion
methods.

2.1 Multimodal sentiment analysis

Multimodal sentiment analysis evaluates sentiments within
data from multiple sources, primarily text, visual, and audio.
Different modalities perceive the same event from unique
perspectives, so the processes of feature extraction, feature
fusion, and multimodal interaction across these modalities
are crucial.

Zadeh et al. [7] propose the tensor fusion network to
aggregate unimodal, bimodal, and trimodal information.
Moreover, they use multiple LSTMs and design memory
fusion network [8] for single-view and cross-view mod-
eling, respectively. Majumder et al. [23] use GRU to
model both modalities layer by layer to allow full inter-
action between the two modalities to extract informa-
tion. Along with the breakthrough in unimodal with the
transformer proposed by Google, sentiment analysis has
begun to process modal information with the structure
of the transformer. Tsal et al. [9] extend cross-attention
to cross-modal attention, which enables different modal
interactions to align and merge information from other
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modalities based on attention weights. Rahman et al. [24]
design adaption gates to enhance the centralized coding
capabilities of BERT and XLNET for different modalities.
Han et al. [25] combine mutual information maximization
with modal interaction theory to minimize the depletion
of crucial task-relevant information. Kim et al. [26] put
all modalities after the fusion gate into a unified BERT
encoder and use the pretraining task of BERT to fuse the
modal features.

Previous work has made impressive achievements,
but these works have focused on the extraction and
fusion of unimodal features, and they have not paid
attention to the importance of retaining modality-specific
information [27]. So, we focus on preserving modality-
specific information during multimodal fusion for better
prediction.

2.2 Modality-specificinformation learning in MSA

Different modalities provide distinct types of information.
For example, text can provide semantic information,
speech can convey tone and intonation, and images can
capture facial expressions and body language. Modality-
specific features capture unique information from each
modality, providing a more comprehensive and rich
representation for sentiment analysis.

Hazarika et al. [11] propose MISA, which learns
modality-specific knowledge by using modality-specific
encoders for each modality, applying an orthogonal loss
function to ensure non-redundant information between
vectors and a reconstruction loss function to avoid learning
trivial vectors. Peng et al. [28] devise a framework that
captures modality-specific information by employing a
separable tensor fusion network. This framework further
conducts a Tucker decomposition on the weight tensor to
extract modality-specific weights. To learn the modality-
specific representations, Yu et al. [12] develop a module
for unimodal label generation based on self-supervised
strategies for each modality. Zhang et al. [29] design a
network for feature fusion based on weights to diminish
modality noise, paired with a modality-specific feature
generator to preserve the unique characteristics of each
modality while capturing multimodal interaction details.
Ando et al. [30] employ a gated decoder to derive
utterance-level embeddings from each modality, enhancing
the representation with modality-specific information. Bo
et al. [31] develop modality translation method based on
Seq2Seq architecture.

The strategies mentioned above design distinct tasks to
retain modality-specific information. The modules above
are dedicated to capturing modal variability at the expense
of modal coherence. So we design cross-sample fusion
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to balance modal coherence and the capture of modality-
specific information.

2.3 Text-centered fusion in MSA

Various modalities interpret a single event through
distinct lenses, each offering unique insights into the
underlying sentiment. Text, in particular, provides a direct
and instinctive reflection of sentiment, leading numerous
researchers to regard it as the foundational modality in
multimodal sentiment analysis.

Sun et al. [16] control the text-based outer product matrix
to learn valuable features by optimizing the Canonical
Correlation Analysis (CCA) loss. Mai et al. [32] design
gating mechanisms to enhance linguistic representation
and correct textual information through other modalities.
Attention-based methods are widely used in NLP, CV
and multimedia [33-36]. They provide new methods for
multimodal fusion and powerful text encoders for unimodal
learning, such as BERT [34] and RoBERTa [37]. With
the support of powerful text encoders, more work is being
done to treat textual modalities as the core modalities in
multimodal sentiment analysis. Wu et al. [38] undertake a
cross-modal prediction task to investigate the shared and
individual semantics within each non-textual modality.
Wang et al. [17] use text-orient attentional mechanisms and
cross-modal transformers to inject text-modal information
into other modalities to enhance the representational
capabilities of other modalities. Huang et al. [18] utilize
text-centered cross-modal attention for unimodal and fused
modalities to correlate the tri-modal data.

Table 1 Notations

However, being text-centric does not equate to relying
solely on text. Prior research has often overemphasized the
importance of text, neglecting the value of other modali-
ties. To our knowledge, extracting modality-specific infor-
mation is essential in multimodal learning. Therefore, in this
paper, we not only highlight the guiding role of text for other
modalities but also introduce adversarial samples to retain
modality-specific information for each modality.

3 Methodology

This section outlines the multimodal sentiment analysis task
and introduces a comprehensive overview of Text-centered
Cross-sample Fusion Network (TeCaFN).

3.1 Task definition

Multimodal sentiment analysis involves automated
identification and comprehension of sentiments conveyed
within video clips incorporating text, video, and audio.
Each modality processes simultaneously in TeCaFN end-to-
end, after which the corresponding modal encoders will be
updated by gradient backpropagation. The model generates
a sentiment score of — 3 to 3 as output. Sentimental polarity
can be inferred from sentiment scores according to positive
and negative situations. Other notations are referenced in
Table 1.

Notation Description Notation Description

t Text modality 1 Vision modality

a Audio modality M The set of modalities

m A specific modality L, The length of m

d, The feature dimension of m 12 The model input of m with positional embeddings
[mys -« my] The list of modality tokens LN(-) The operation of layer normalization

SeAt(-) The operation of self attention FFEN(-) The feed-forward network function

X, The presentation of m after unimodal feature extraction g() The 1D temporal convolution function

MHAC(-) The operation of multi-head attention head, The i-th head matrix in multi-head attention
exp(-) The exponential function FC() The fully connected layer

0 The query in multi-head attention K The key in multi-head attention

14 The value in multi-head attention CoAt,,_,,(+) The cross-modal attention with ¢ as Q and m as KV
Pool(-) The operation of mean pooling Lk The task loss function

Zg The fusion result y The ground truth

v The output of the TeCaFN MAE(-) The mean absolute loss function

Livcon The unimodal text centered contrastive learning loss L, The pairwise prediction loss

Lyicon The bimodal contrastive learning loss Lpain The main loss function

@ Springer



228 Page60f19

Q. Huang et al.

3.2 Overall architecture

In this section, we elaborate on the specifics of the modules
within TeCaFN, specifically the unimodal feature extrac-
tion, the text-centered unimodal contrastive learning mod-
ule, the text-centered cross-sample fusion module, and the
fused modal bidirectional contrastive learning module. The
model architecture diagram is illustrated in Fig. 2.

3.2.1 Unimodal feature extraction

Different modalities contain unique information,
necessitating the use of diverse feature extraction methods.
In accordance with [39], position embedding is added to
each modality sequence, enabling the model to grasp the
temporal information of various modalities. The BERT
model serves as the textual feature extractor [34]. The first
token of the BERT tokenizer is denoted as 7, the last token
is denoted as 7,,,, and positional embeddings for text, video,
and audio are denoted as %, v?°, and a’”*, respectively:

0 _[4 wr v up. <
I = [tggtys oo sty stepl + 17,

0 . ;

=1 svl+ YPos, (1)
L =la;...; a]+a™.

In the case of video and audio modalities, to enhance their
semantic representations for fusion, a L-layer transformer
encoder is initially employed. This makes it more adaptable
for mapping to various vector spaces. Subsequently, a single-
layer unidirectional LSTM is used to capture temporal
information.

I = SeAHLN(I'"") + LNIY),  m € {a,v}, 2
L= FFN(LN(jfn)) + LN(?fn), m € {a,v}, (3)
o _ [ BERT(%), m=t,

™\ LSTM(IE), m € {a, v}, “

where ifn denotes the modality representation of audio or
vision after the i-th layer of self-attention and I/ denotes
the modality representation of m € {a, v} after i-th layer of
feed-forward, and i is ranging from 1 to L.

To guarantee comprehensive awareness among individual
elements within the input sequence, a temporal convolution

layer [9] is employed to remap the dimension for each modality:
X, = ConwlD(X, k), m€ {t,a,v}, 5)

where k,, represents the convolution kernel of the temporal
convolution layer and X,, represents the output of modality
m after 1D temporal convolution.
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3.2.2 Text-centered unimodal contrastive learning
for similarity ranking (Q2)

For effective learning of modality-specific information
across samples, especially those that are highly similar,
it is crucial to filter out similar samples. Given that text
provides the most direct sentiment feedback [17], we utilize
pairs of text-based modalities, denoted as (¢, m), to learn
a joint embedding for similarity ranking. Given text ¢; and
any other modality m;, then the depth-wise Conv1Ds with
pooling layers are used to map the two modalities to the
same dimension: ¢; = f,(#;) and k; = f,(m;) where f|, f, are
corresponding Conv1D mappers. The unimodal encoders
and embeddings are optimized using the InfoNCE [40] loss:

exp(q;k] /)
L, =—log o K/ 6)
exp(qik! /7) + X, exp(qik| /7)

where 7 is a scalar temperature coefficient controlling
softmax smoothness. In a minibatch, matched modality pairs
are indexed as i and termed positive samples, and unmatched
modal pairs are negative pairs indexed as j [41]. InfoNCE
aims to bring ¢; and k; closer in the embedding space. This
process ensures that the other modalities will be closer to the
corresponding textual modalities. In practice, an asymmetric
text-centered loss L., = £;, + L, is exploited. Then,
the normalized similarity matrix generated by unimodal
contrastive learning is used to mine similar samples (i.e.,
hard negatives).:

S C]ikiT
S PNV

where S,,, € RV is the normalized similarity matrix
reflecting the similarity of the modality # and modality m
in the batch. Given the normalized similarity matrix S,
that quantifies the degree of similarity between modalities ¢
(text) and m (non-text), the process of extracting hard nega-
tives involves identifying the top num most similar non-text
samples to a given text sample ¢. This is achieved by sort-
ing the similarity scores associated with each text sample
t in descending order and selecting the first num entries as
the hard negatives. These hard negatives are samples from
modality m that are highly similar to the text but are not the
correct corresponding matches, thus providing challenging
examples for the learning algorithm to distinguish from true
positives. The pseudocode for mining similar samples is out-
lined in Algorithm 1.

m € {a,v}, @)
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Algorithm 1: Hard Negative Mining Pseudocode, NumPy-like

# I,,,: minibatch of modality m [batchsize,l,,,d,,]
# I,: minibatch of textual modality [batchsize,l;,d;]

# f,,: encoder for modality m
# fi: encoder for textual modality

# W, learned proj of modality m to embed [d,,, d.]
# W;: learned proj of modality ¢ to embed [dy, d.]

# num: the number of hard negatives

# Unimodal Feature Extraction
Xm = fm(Im) #[batchsize,lm,dm]
X = fi(Iy) #[batchsize,l;,d;)

# Multimodal Embedding Learning [batchsize, d.]
I, = 2norm(np.dot(np.mean(X,,,axis=1), W,,), axis=1)
I; = 12norm(np.dot(np.mean(X;,axis=1),W}), axis=1)

# Scaled Pairwise Cosine Similarities \S; ,,, [batchsize, batchsize]

logits = np.dot(ly, I,,,.T)

# Obtain the indices of hard negative samples [batchsize, num]

indices = np.argsort(logits, axis=1)[:, -num:]

3.2.3 Text-centered cross-sample fusion for capturing
modality-specific information (Q1)

TeCaFN utilizes adversarial training between modalities to
retain modality-specific information, in conjunction with a
task of pairwise prediction. In this module, text modality
is functioned to guide other modalities during adversarial
training. Specifically, keeping the text unchanged, we
identify the num most hard negatives (similar samples) for
the audio and visual modalities. Next, the positive key, i.e.,
the visual or audio modality that matches the text, and the
hard negatives are put into the replacement gate.

The replacement gate returns one of the hard negatives
of modality m with probability p and the original matching
modality m with probability 1 — p. The similar modalities
are sampled from the uniform distribution of the hard
negatives. At the same time, two-dimensional pseudo-
targets are generated, with 1 indicating a matching modal
pair and 0 indicating a mismatching modal pair for modality
m. The replacement gate is only utilized at training, and
during validation and testing, only in-sample modal fusion is
implemented. A detailed table of replacement probabilities
can be viewed in Table 2.

TeCaFN uses the text modality as the query and the
modality m after the replacement gate as the key and value
to design text-centered cross-sample attention to fuse the
modal efficiently. The following equations explain how text-
centered cross-sample attention fuses text modality 7 and any
other modality m:

MHA(Q, K, V) = Concat(head, - - - head,)W,,, 8)
(QWYKWK)T
head; = Softmax( \/_ )(VWI.V), )
d
COAtm—>l = MHA(X[’ Xl‘ﬂ’Xl‘ﬂ)’ m E {a’ v}’ (10)

where WiQ € Rmoderdy WiK € Rbmoderxdy Wl.V € Rmoderd,
and W, € R>dwa represent the projection matrix of the
different branches in the multi-head attention, % represents
the num of heads and d,, represents the dimension of cross-
modal attention. We use the feed-forward layer to make
cross-modal features more flexible. The L-layer cross-modal
attention can be expressed as:

i = CoAt,_ (LN(hi-1) + LN(h1),

tm

m€ {a,v}, (11)

h = FFN(LN(R )) +LN(R ),

m

m € {a,v}, (12)

where /Az;'m denotes the cross-modal hidden representation of
text and modality m after the i-th layer of cross-attention and
h;'m denotes the cross-modal hidden representation of text
and modality m after the i-th layer of feed-forward network,
and i is ranging from 1 to L.

One branch in the cross-sample fusion module is dedi-
cated to predicting the pairwise situation of modalities,
assessing whether the replacement gate substitutes the ini-
tial video or audio modality with hard negatives. We take
this branch through the fully connected layer and output a

@ Springer
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Fig.2 The model diagram of our proposed TeCaFN. Cubes represent
modality vectors. Non-green cubes represent multi-modal vectors in
the sample being processed, while green cubes represent multi-modal
vectors from other samples in the same batch. TV and TA respec-

two-dimensional vector after mean pooling, which corre-
sponds to the two-dimensional pseudo-target in the previous
section, and use cross-entropy to optimize it:

Simp = FC(Pool(RL)), m € {a,v}, (13)

Table 2 Replacement probability

Situation Prob Label
Text origin-vision origin-audio (1-p)? (1,1
Text vision hard negative origin-audio p(l=p) (0,1)
Text origin-vision audio hard negative p(l=p) (1,0)
Text vision hard negative audio hard negative — p? 0,0
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tively represent the fusion results of text with video, and text with
audio. Q1 and Q2 denote the modules that are specifically designed to
address the first and second questions raised in the introduction sec-
tion (colour figure online)

‘Ctmp = [Et,mH(yzmp’j’tmp)’ m € {a, v}, (14)

where §,,, denotes the branch output which is a two-
dimensional vector, H denotes the cross-entropy loss
function, and y,,, represents the two-dimensional pseudo-
target generated in the replacement gate. Hard negatives
tend to be semantically similar, with only fine-grained
differences. So hard negatives allow the model to perceive
more fine-grained features and capture more modality-
specific information. In the implementation, £,,=L,,, + L,
are designed to optimize text-to-visual and text-to-audio
pairwise predictions.
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3.2.4 Fused modal bidirectional contrastive learning
for stable modality-specific information mining
process (Q2)

The text-centered cross-sample fusion module may cause
instability in the uniform embedding space for the fused
modalities. During unimodal contrastive learning, the
modalities from the same samples are pulled closer and
modalities from different samples farther are pushed apart
in embedding space. This makes the vector similarity of
different samples always far from each other during the
cross-sample fusion, even under hard negative conditions.
Furthermore, the three modalities involved in the fusion may
come from three different samples due to the presence of
replacement gates. In addition, some samples may fail to find
similar samples for learning, which introduces unnecessary
noise raises the instability of cross-sample learning. The
text might be unable to query useful information from other
modalities to obtain consistent predictions.

Upon the aforementioned analysis, we have discovered that
each sample does not necessarily fuse with the most suitable
one, hence the position of the fused modalities in the
embedding space is sub-optimal. To correct for the bias, we
focus on the fact that the text remains unchanged. Using the
text modality as a guide, we can optimize the positioning of
the fused modalities in the embedding space. We pull the
distances between the fused modalities with the same text
modality closer in the feature space, making them more
inclined to reach consistent conclusions. By adjusting the
fused modalities bidirectionally in the feature space, we can
thereby mitigate the instability issues brought about by cross-
sample fusion. Specifically, we introduce the fused modal
bidirectional contrastive learning module. The output of the
cross-modal fusion module is denoted as hﬁn. Similar to uni-
modal contrastive learning, depth-wise Conv1Ds with pooling
layers are employed to map the two cross-modal vectors to the
same dimension: z; = g (h- Dandu; = g (hE ) where g,.¢; are
corresponding Conv1D mappers. The cross-modal encoders
and embeddings are optimized using the InfoNCE [40] loss:

. exp(zu] /7)
o — — 108 ) 15
myta exp(ziu;—/r) + Zj# exp(zju}—/r) (15)
where L, . is the loss function for text-to-visual and text-

tv,ta
to-audio pairwise predictions, z; and u; are the embeddings

of the cross-modal vectors mapped to the same dimension
through Conv1D mappers, 7 is the temperature parameter
that scales the dot product of the embeddings. The frac-
tion inside the logarithm represents the similarity between
the embeddings of the same sample (positive pair) over the

sum of similarities of all different sample pairs (negative
pairs), excluding the positive pair. The negative log likeli-
hood function is used to minimize the loss, which encour-
ages the model to increase the similarity for positive pairs
and decrease it for negative pairs.

Here, TeCaFN employs contrastive learning from different
views. Within a mini-batch, the modal fusion vectors using the
same text will be pulled closer while the modal fusion vectors
with the different text will be pushed farther. In practice, the
loss can be expressed as:

’Chicon = Etv,ta + ’Cm,tv (16)

where £, ,, and L,, , represent the contrastive losses for text-
to-visual and text-to-audio modalities respectively. The total
loss is then minimized during training, which encourages
the model to learn modality-specific representations that are
similar for the same text but different for different texts. This
approach effectively enhances the discriminative power of
the learned features and improves the performance of the
multi-modal sentiment analysis task.

3.3 Objective function and prediction

The fusion result z, is processed through an MLP with activa-
tion functions for final predictions:

y = tanh(FC(z)), (17)

where J is the final output of the whole model for training,
validation, and testing.

We consider the multimodal sentiment analysis task as a
regression task, employing mean absolute error (MAE) to
gauge the loss between predicted values y and actual values y:

1 n
£ = — =9, .
task ng,ly, il (18)

where n denotes the batch size.

Finally, we summarise all the losses above, including task
loss (L, ., text-centered unimodal contrastive learning loss
(Lyccon)> pairwise prediction loss (£,,), bimodal symmetric
contrastive learning loss (£,,.,,) and constitute the final loss
function as follows:

'Ccon = ’thcon + ’Chicon’

‘Cmain = ‘Ctask + ylﬁcon + yZ‘C’ap’ (19)
where y, is the hyperparameter for controlling contrastive
learning loss, ¥, is the hyperparameter for controlling pair-
wise prediction loss. The pseudocode of our algorithm is
outlined in Algorithm 2.

@ Springer
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Algorithm 2: Text-centered Cross-sample Fusion Network (TeCaFN)

Input : D = {(Mt7 Maa Mv)7 Y}7 Y1 Y25 leanﬁng rate Nmains Mberts Nepochs

Output: Predition § # sentiment score

for each epoch do

Encode I’ into X/ as (2-4)
if training then

Mine hard negatives as (7)

Produce predictions ¢ as (17)

Mini-batch gradient descent
Update model parameters

end if
else

Produce predictions ¢ as (17)

end if
end for
end for

Calculate task loss L4 as (18)
Sum sub-loss over to get main 10ss L,,,q4:n as (19)

for mini-batch {(t;,a;,v;),Y; }2 | from D do
Add positional embeddings to each modality as (1)

Map X into F, using ConvlD as (5)
Execute unimodal contrastive learning and calculate L;ccon as (6)
Execute cross-sample CoAt,_,; and CoAt,_,; as (8-12)
# fusion with hard negatives based on probability

Calculate pairwise prediction loss L, as (13-14)
Execute bimodal contrastive learning and calculate Lp;con as (15-16)

Compute CoAt,_,+ and CoAt,_,; as (8-12)

3.4 Discussion on the role of hard negatives
in cross-sample attention

Traditional methods fuse the three modalities through cross-
modal attention mechanism within a single sample [9, 25],
yet this approach blindly align and fuse different modalities,
resulting in the loss of modality-specific information
[42], this paper proposes a cross-sample fusion approach.
The cross-sample fusion allows the network to learn and
complement missing modality-specific information to make
final predictions.

Building upon this, we employ hard negatives to enhance
cross-sample fusion considering three main aspects: Firstly,

Table 3 Dataset splits for CMU-MOSI, CMU-MOSEI, and UR-
FUNNY

Dataset Train Valid Test All

CMU-MOSI 1284 229 686 2199
CMU-MOSEI 16,326 1871 4659 22,856
UR-FUNNY 7614 980 994 9588

@ Springer

hard negatives simulate a noisy real-world scenario, demand-
ing text to extract modality-specific information from the
noisy representations of other modalities. Secondly, we can
amplify modality-specific information by combining hard
negatives with the pairwise prediction task, which enhance
the discrimination ability of similar samples. Thirdly, hard
negatives bear a high resemblance to the original samples,
indicating that the fusion of text with hard negatives main-
tains multimodal semantic consistency. This is crucial for
maintaining stability during training. To sum up, training
models on hard negatives helps enhance model robustness,
stability and generalization.

4 Experiments

This section presents comprehensive information regarding
our experimentation, including datasets, baselines that
TeCaFN is compared with in unaligned scenarios, evaluation
metrics, the ablation study, the analysis of parameter
sensitivity, and experiment findings.
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4.1 Datasets

We perform experiments on two publicly available datasets,
CMU-MOSI [43] and CMU-MOSEI [44] , and UR-FUNNY
[45], to assess the effectiveness of the proposed TeCaFN
for MSA. Our approach to dataset splitting aligns with the
original dataset scheme, detailed in Table 3.

CMU-MOSI. This dataset encompasses a diverse
collection of 2199 video clips from various sources, such as
movie reviews, interviews, and monologues. Every video
clip in the dataset is accurately labeled with sentiment
intensity scores ranging from — 3 to 3 with negative values
representing varying degrees of negativity, 0 denoting
neutrality, and positive values indicating varying degrees
of positivity.

CMU-MOSEL This dataset extends and improves upon
CMU-MOSI, sourced from monologue videos on YouTube,
containing about 3228 videos and 23,453 sentences,
involving 1000 narrators across 250 topics. The sentiment
scoring in CMU-MOSEI follows the same annotation
approach as CMU-MOSI.

UR-FUNNY. This dataset is a multimodal collection
focused on humor detection. It comprises video clips, audio,
and text annotations, capturing a wide range of humorous
expressions. It employs a binary annotation scheme to
categorize the content into two classes: humorous and
non-humorous.

4.2 Evaluation metrics

Drawing from prior research [25], the evaluation metrics
used for CMU-MOSI and CMU-MOSEI are as follows:

Mean absolute error (MAE): This measures the average
of the differences between the predicted sentiment scores
and the actual scores.

Pearson correlation (Corr): This assesses the strength
and direction of the linear relationship between the predicted
and actual sentiment scores.

Classification accuracy (ACC): This is used to
evaluate the model’s ability to classify sentiment scores
into categories: ACC-7: It divides sentiment scores into
seven equal intervals from —3 to 3 and evaluates fine-
grained accuracy. ACC-2: It uses two settings for binary
classification: Positive/Negative (P/N): Scores greater than 0
are positive, less than O are negative. Non-negative/Negative
(NN/N): Scores less than 0 are negative, O or greater are
non-negative.

F1 Score (F1): This is a balance between precision (the
accuracy of positive predictions) and recall (the fraction
of actual positives correctly predicted), providing a single
measure of a model’s accuracy.

According to previous studies [11, 45], for UR-FUNNY,
we use ACC-2 to measure the accuracy rate of binary clas-
sification predictions.

4.3 Baselines

Mainstream state-of-the-art MSA models have been chosen
to exhibit the performance of the TeCaFN model.

TFN [7]: TFEN (2017) use tensor-based operations to
capture complex interactions and relationships between
modalities.

LMF [46]: LMF (2018) creates a module for efficient
multimodal fusion without compromising performance by
using low-rank weight tensors.

MFM [47]: MFM (2019) factorizes multimodal
representations into multimodal discriminators and
modality-specific generators to capture information within
and between modalities.

MulT [9]: MulT(2019) incorporates transformer layers
and cross-modal attention mechanisms to process multiple
modalities simultaneously.

ICCN [16]: ICCN (2020) utilizes an outer-product for
extracting cross-modal information.

MISA [11]: MISA (2020) leverages utterance-level
representations, each modality is projected into two
distinct subspaces, contributing to input reconstruction and
employed in task prediction through fusion.

MAG-BERT [24]: MAG-BERT (2020) designs
adaptation gates to enhance the processing of information
from diverse modalities by BERT and XLNET.

Self-MM [12]: Self-MM (2021) extracts similarity
information from multimodal tasks and dissimilarity
information from unimodal tasks through a self-supervised
label generator.

MMIM [25]: MMIM (2021) preserves task-relevant
information through hierarchical maximization of mutual
information.

BIMHA [48]: BIMHA (2022) develops a multi-head
attention architecture founded on bimodal information
orientation to extract separate and coherent information.

TETFN [17]: TETFEN (2023) employs text-enhanced
cross-modal attention to aggregate the semantic information
within fused representations.

MTMD [49]: MTMD(2023) implements unimodal and
multimodal momentum distillation for modal interaction.

HCIL [50]: HCIL (2024) enhances sentiment
representations through four types of interactions.

CRNet [51]: CRNet (2024) promotes multimodal
representation using gradient-based methods.

TMBL [52]: TMBL (2024) uses multimodal binding
techniques to discover modality similarities.
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4.4 Basic settings

This section presents the fundamental configuration of
the experiment, which encompasses the feature extraction
methodology and the hyperparameter configurations.

Feature extraction: To ensure a fair comparison,
a commonly used feature extraction method similar to
MMIM [25] is utilized. Specifically, the pre-trained BERT
is employed as the text feature extractor. Additionally,
COVAREP [53] is used to extract speech features important
for sentiment analysis, including pitch, formants, spectral
features(MFCCs), speech rate, emotional features, and
resonance peaks. For the visual modality, OpenFace [54]
is selected to extract facial attributes such as head pose
estimation and gaze tracking, among others.

Experiment setup: The Adam optimizer is utilized to
optimize our model, setting the learning rate at {le—3,
2e—3, 3e—3}. Early stopping is applied if model accuracy
does not improve for 10 epochs. The hyperparameter ranges
are as follows: batch size in {32, 64, 128}, y,, 7, in {0.1, 0.2,
0.4}, gradient clipping in {1, 2, 4, 8} and unimodal hidden
size in {16, 32, 64}. All experiments are conducted on an
NVIDIA Tesla V100 (32 G GPU).

4.5 Results and comparison
Table 4 displays the performance of our proposed TeCaFN

model on both the CMU-MOSI and CMU-MOSEI datasets,
along with a comparison to other baseline models.

Results on CMU-MOSI. TeCaFN is optimal in most
accuracies. Specifically, there is a huge improvement over
the traditional tensor-based multimodal fusion approach,
such as TEN [7], LMF [46], MFM [8] in all metrics. The
MAE decreases from 0.901 to 0.684, accompanied by a 4%
improvement in classification accuracy. Additionally, the
experimental outcomes surpass those achieved by MulT
[9], MAG-BERT [24], and BIMHA [48], which employ
attentional mechanisms to address unaligned data. TeCaFN
increased Corr from 0.781 to 0.800 and ACC-7 from 43.62
to 47.81. ICCN [16], MISA [11], and Self-MM [12] use dif-
ferent methods to fuse multimodal information, compared
to these methods, TeCaFN outperforms them in all metrics.
Compared to MMIM, TeCaFN emphasizes using textual
modality cues to guide other modalities, resulting in substan-
tial enhancements in MAE, ACC-2, and F1 scores. TETFN
[17] also uses the textual modality as the core modality
for cross-modal attention. However, TeCaFN outperforms
all metrics except Corr because of the different auxiliary
tasks. In addition, MTMD [49], HCIL [50], CRNet [51] and
TMBL [52] use different techniques to promote multimodal
representation learning and multimodal interaction. Unlike
previous work, TeCaFN uses adversarial learning to learn
modality-specific features by providing alignment before
cross-modal attention and reducing its learning of irrelevant
information. Therefore, compared to recent state-of-the-art,
TeCaFN outperforms MTMD by 0.31% on ACC-7, exceeds
MMIM by 0.016 on MAE, surpasses HCIL [50] and CRNet

Table 5 Results of the ablation study on CMU-MOSI and CMU-MOSEI

Models CMU-MOSI CMU-MOSEI

MAE| Corrt ACC-71 ACC-21 F11 MAE| Corrt ACC-7t ACC-21 F1t
TeCaFN 0.684 0.800 47.81 84.99/86.89  84.88/86.84  0.526 0.772  55.39 85.04/86.27  85.04/86.01
L eon
wlo L, 0.721 0.784  46.06 84.11/85.21 84.09/85.23  0.540 0.763  53.42 84.50/85.83  84.53/85.57
wlo L,, 0.734 0.794  43.15 82.65/84.60  82.54/84.56  0.538 0.759 5351 81.00/85.39  81.51/85.33
wlo L, + L,, 0.712 0.796  46.79 83.09/85.37  82.96/85.31  0.539 0.761  53.34 81.15/85.11  81.95/85.05
W/0 Lyicon 0.719 0.795  45.77 81.78/83.38  81.70/83.36  0.531 0.769  53.87 83.77/86.24  84.04/86.11
Lo
wlo L,,, 0.740 0.787  44.17 82.94/85.21  82.82/85.16  0.534 0.766  53.94 84.65/85.94  84.66/85.67
wlo L, 0.742 0.786  43.88 82.22/84.60  82.09/84.56  0.534 0.768  54.26 80.51/85.25  81.15/85.29
W/ Ly 0.749 0.775  45.04 82.80/84.76  82.61/84.63  0.538 0.773  52.78 83.73/85.37  83.70/85.03
Hard negative
w/o Hardneg,, 0.715 0.793  46.50 83.38/85.37  83.23/85.28  0.529 0.774 5432 81.03/85.39  81.61/85.41
w/o Hardneg,, 0.715 0.797  43.00 82.22/84.60  82.07/84.54  0.535 0.769  52.78 83.11/86.63  83.50/86.58
w/o Hardneg,,,, ~ 0.729 0.793 4271 82.51/84.76  82.35/84.68  0.530 0.764  54.56 82.94/85.86  83.25/85.75
Multimodal
w/o V 0.780 0.760  45.92 80.90/83.69  80.40/83.34  0.565 0.754  52.11 84.01/84.15  83.73/83.62
w/o A 0.794 0.762  41.83 81.63/83.99  81.43/83.88  0.559 0.751  52.07 79.74/85.00  80.40/85.01
w/o V, A 0.878 0.763  34.99 81.05/83.08  80.99/83.09 0.613 0.700  50.48 70.98/79.09  72.32/79.44

The bold numbers represent the best results for the corresponding metrics
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[51] and 0.4-—0.8% on ACC-2 and F1-score. It also performs
well in other metrics.

Results and comparison on CMU-MOSEI. TeCaFN
achieves the best performance in most accuracy categories.
The CMU-MOSEI dataset contains more complex and
diverse data, than most traditional methods, such as those
based on tensor fusion [7, 8, 46], traditional attentional
mechanisms [9, 24, 48], or simple auxiliary tasks [11, 11,
12] do not perform well on CMU-MOSEI. TeCaFN also
outperforms them in all metrics. Even though TeCaFN
does not use a large encoder, its performance on the CMU-
MOSEI dataset still far exceeds that of MMIM and TETFN.
Thanks to adversarial training, compared with MTMD
[49], HCIL [50], CRNet [51] and TMBL [52], ACC-2 and
F1 improve by an average of 0.1-—0.2%, Corr improves by
0.005, ACC-7 improves by 0.89%, implying that inter-modal
alignment followed by fusion can aggregate multimodal
information effectively.

Results and comparison on UR-FUNNY. TeCaFN has
achieved a new state-of-the-art (SOTA) performance on the
UR-FUNNY dataset, marking a 0.18% improvement over
the previous SOTA value. Despite the UR-FUNNY dataset
only annotated with binary classification labels instead of
fine-grained sentimental scores, TeCaFN is still capable of
making accurate predictions through its adversarial training
process and reliance on modality-specific information.

In summary, TeCaFN can learn good feature
representations on CMU-MOSI, CMU-MOSEI, and
UR-FUNNY through the guiding role of textual modality,
cross-modal attention, and modality-specific information. It
achieves more significant improvements in the vast majority
of metrics with no obvious drawbacks.
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Fig. 3 Comparison of models centered on different modalities
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4.6 Ablation study

TeCaFN consists of three main modules: text-centered
unimodal contrastive learning, text-centered cross-sample
fusion, and fused modal bidirectional contrastive learning.

We disassemble the structure of TeCaFN to confirm the
validity of our proposed modules and methods on both the
CMU-MOSI and CMU-MOSETI datasets. The result of the
ablation experiments can be found in Table 5.

The effect of text-based unimodal contrastive learning.
We sequentially remove audio-to-text contrastive learning
(denoted as w/o L,,), and vision-to-text contrastive learning
(denoted as w/o L,,) and both (denoted as w/o L,, + L,,)
to validate the effect of the unimodal text-based contras-
tive learning module. No matter which part of the contras-
tive learning loss is removed, the results do not improve.
In addition to this, when aligning only two modalities and
ignore the third, the effect may not be as good as if we do
not implement any alignment at all. However, this drop is
not caused by the insignificant feature of the third modality
but by a bias in alignment. When we only bring two modali-
ties closer together while keeping the third unchanged, then
according to the distance measure of cross-modal attention,
the attention of the third modality will decrease. When we
only remove text and visual modality contrastive learning,
the result drops the most, even more than the no contrastive
learning, with an average 3% drop in accuracy on the clas-
sification task, implying that unimodal contrastive learning
of text and vision is more important. Text and audio are
inherently more similar regarding information, so remov-
ing the unimodal comparison of text and audio from the
experiments does not cause a distinct drop in experimen-
tal results. The factual results show that the text-centered
unimodal contrastive learning to embed different modalities
into a unified space significantly impacts the extraction of
modality-specific infomation and multimodal fusion.
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The effect of text-centered cross-sample fusion. We
successively remove the replacement gate for audio modal-
ities (denoted by Emp) and visual modalities (denoted as
L,,,) and both (denoted as L,,,,,,,) to demonstrate how the
modality replacement contributes to improving model per-
formance. We find the modality replacement gate is very
significant to our model. The ACC-2 drops by 2-3%, and the
ACC-7 drops by 2-3% on average on both datasets without
it. Besides, when implementing the modality replacement
for only two modalities and ignore the third modality, the
conclusion is consistent with the previous one. The results
are not even as good as when we do not perform modality
replacement. Because modal replacement is an adversarial
task that affects the ability of the entire network to perceive
modalities. In addition, visual replacement plays a more sig-
nificant role than audio replacement. The results show that
the text-centered cross-sample fusion helps improve task
accuracy.

The effect of fused modal bidirectional contrastive
learning. We remove the fused modal bidirectional contras-
tive learning after cross-modal attention (denoted as £,;,,,,)
in this section. The second stage of contrastive learning after
fusing the modalities equally improves the model perfor-
mance on both datasets, especially on CMU-MOSI,because
it is a smaller dataset, making it more challenging to find
suitable negative samples for cross-sample fusion. The
adversarial training can easily disrupt the judgments of the
sentiment, so the re-alignment of fused modal is necessary
for the entire learning process. This also confirms the impor-
tance of fused modal bidirectional contrastive learning in
overcoming noise and instability in cross-sample fusion.

Fig.4 Loss tracing

The effect of hard negatives. In this case, we do not
mine similar samples for cross-modal attention via the simi-
larity matrix of ta (denoted as w/o Hardneg,,), the simi-
larity matrix of tv (denoted as w/o Hardneg,,), or neither
(denoted as w/o Hardneg,, ,,). Results show that the hard
negative operation would also affect the result of the experi-
ment. When we do not use the hard negatives, a cross-sam-
ple fusion of different samples interferes with the normal
progress of training, and this interference cannot be fully
serviced even with the textual modality not being replaced.
In addition, the hard negative allows the model to capture
more fine-grained features, which is also essential for mul-
timodal sentiment analysis tasks. So hard negative not only
makes training more stable but also makes model training
more efficient.

Table 6 Effect of p

p CMU-MOSI CMU-MOSEI
MAE| ACC-21 MAE] ACC-21

0.1 0.706 83.97/85.98 0.522 81.37/85.69
0.2 0.740 82.36/83.84 0.524 84.42/85.94
0.3 0.732 83.24/85.52 0.529 84.31/85.53
0.4 0.708 83.53/85.06 0.526 85.04/86.27
0.5 0.704 84.69/87.04 0.537 79.61/84.65
0.6 0.757 81.34/84.15 0.538 82.31/85.99
0.7 0.684 84.99/36.89 0.565 84.04/84.15
0.8 0.769 81.92/83.84 0.529 80.21/85.31
0.9 0.771 81.92/84.30 0.537 83.34/85.97

The bold numbers represent the best results for the corresponding
metrics
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Table 7 Effect of num

num CMU-MOSI CMU-MOSEI
MAE| ACC-21 MAE| ACC-21
0.684 84.99/86.89 0.526 85.04/86.27
0.747 81.05/82.93 0.526 83.26/86.30
10 0.735 82.65/84.76 0.525 83.04/85.75
15 0.693 83.97/85.82 0.536 85.19/85.31
30 0.720 84.55/86.43 0.527 83.54/85.77

The bold numbers represent the best results for the corresponding
metrics

The effect of the combination of modalities. We
sequentially remove visual modality (denoted as w/o V),
audio modality (denoted as w/o A), and both (denoted as w/o
V, A) to validate the effect of the combination of modali-
ties. Removing either the visual or acoustic modality, or
both, consistently leads to a decline in performance. This
underscores the necessity of non-verbal signals (visual and
acoustic) in addressing MSA, illustrating how text, acoustic,
and visual elements complement each other. This also indi-
cates the significance of modality-specific information. As
more modalities are integrated, the perception of sentiments
becomes more accurate.

Table 8 Comparison of the output of TeCaFN with other MSA models

The effect of treating text as a core modality. All pre-
vious ablation experiments are based on TeCaFN, but do
other modalities have the same effectiveness as text modal-
ity? To answer this question, we design the audio-centered
AeCaFN and the vision-centered VeCaFN to be compared
with TeCaFN. It is worth mentioning that AeCaFN and
VeCaFN are identical to TeCaFN in terms of architecture
and training methodology, except for the core modality. Fig-
ure 3 displays the experimental outcomes.

Results show that neither AeCaFN nor VeCaFN is
as effective as TeCaFN on both datasets. The results of
AeCaFN and VeCaFN are similar to the CMU-MOSI data-
set. In addition, they are 1.7-—2.3% lower than TeCaFN in
classification accuracies. On the CMU-MOSEI dataset,
VeCaFN outperforms AeCaFN by about 1%. However, they
are 3—-4% lower than TeCaFN in the discrimination of the
non-negative and negative problem and 1-2% lower than
TeCaFN in the discrimination of the positive/negative prob-
lem. This means that the textual modality has the most vital
ability to align and fuse the other modalities among the tex-
tual, speech, and visual modalities, which is common sense
and validates our previous hypothesis. Vision and audio have
similar abilities to align and fuse other modalities on small
datasets. However, vision tends to align and fuse data more
effectively on complex datasets.

High-similarity samples | AMMINA[ [25] ATeFNé (18] ’1:eCaFl\i(0urs) Ground Truth
9 lg—yldl 9 lg—vyldl 7 l9—vyll
Hlis fght:sequenioes Hpotpotem | 20950 01950 21964 01964 | 20681 00681 20000
are very neat
And he delivers a W- 13000 03000 | 14707 01293 |1.6289  0.0289 1.6000
lot of intensity
Sound of cars the
action and humor —M' -1.5259  0.2741 -1.6370  0.1630 |-1.7389  0.0611 -1.8000
were mostly flat
But but [ just did H—-—o— -2.0840  0.0840 |-2.2743  0.2743 |-1.9874  0.0126 -2.0000
didnt laugh
It's rated PG-
thirteen, (uhh) and MWWW -0.2220 02220 |-0.4247  0.4247 |-0.0479  0.0479 0.0000
again starring ... ‘
(uhh){clears throat}
And so we keep W -0.1284 02049 |-0.4895 0.1562 |-0.3061 0.0272 -0.3333
seeing a lot of ..
Now, that employee
that sold you that MW 05360  0.1307 | 07581 00911 |0.6910  0.0243 0.6667
bag of popcorn ...
It is a belief that an
organization Wm 03042 00291 |04553 01220 03289  0.0044 03333
operates behind ...

The bold numbers represent the best results for the corresponding metrics
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4.7 Loss tracing

To better demonstrate how the multitasks contribute to each
other, we trace each component of the loss function. Figure 4
illustrates the results of loss tracing.

The average loss is plotted at fixed intervals every 15
training steps, with specific labeling applied to each of the
proposed losses. It is observed that the contrastive learning
loss L,,,, and the task loss £, consistently decrease for the
most part of the training process. The pairwise prediction
loss £, remains relatively stable throughout the training
process, showing only a minor decrease. All sub-losses can
be optimized jointly, achieving the optimal value under
unified supervision.

4.8 Parameter sensitivity

We set up a series of experiments to examine the sensitivity
of the parameters. Two important hyperparameters are
involved in our proposed module: p denotes the probability
that the modality is replaced with hard negatives in the
replacement gate, and num denotes that there are num hard
negative samples in the replacement gate.

Table 6 depicts the effect of different replacement
probabilities on comparative experiments (0.1-—0.9, steps
of 0.1). The optimal value of p for the CMU-MOSI dataset
is 0.7, whereas for the CMU-MOSEI dataset, it is 0.4.
Furthermore, the model performance varies based on the
count of adversarial attacks. Appropriate adversarial attacks
can help the model learn modal features better. The results
suggest that our model can learn multimodal representations
from adversarial training.

Table 7 illustrates the outcomes of comparative
experiments regarding the sensitivity to the count of hard
negatives. The model attains optimal performance on
both datasets when num is set to 3. However, the accuracy
decreases with an increase in hard negatives, affecting both
MAE and ACC-2 adversely. This means that the selection
criteria for hard negatives are crucial. This criterion impacts
the granularity of modality-specific information learned
by the model. Besides, these negative samples should be
sufficiently similar to positive ones. Otherwise, the training
results will become ineffective.

4.9 Case analysis

To demonstrate the role of modality-specific features for
fine-grained sentiment recognition, we compare our model
with MMIM [25] and TeFNA [18]. For a fair comparison,
we randomly choose four pairs of similar samples distributed
in different sentimental intervals. The pairs of similar sam-
ples are from different clips of the same video and the abso-
lute value of the ground truth of the similar samples is < 0.4.

In Table 8, the first column displays similar pairs, while the
subsequent columns represent the outputs of respective mod-
els and ground truth. We use mean absolute error (MAE) to
evaluate the model performance, where y denotes the model
output and |y — y| denotes the absolute error with ground
truth which is the smaller, the better. Optimal values are
marked in bold.

As expected, in each sample, the text provided coarse-
grained information about the sentiment, while the other
modalities provided modality-specific complemented
information that made the model predictions more accurate.
Case 1 and case 2 illustrate how the combined use of
adverbs, adjectives, pauses in speech, tone of voice, and
facial expressions collectively influence their sentiment
score. Case 3 and case 4 show that when emotions tend to be
neutral, we can still find clues in the modalities, such as the
change of speech speed and micro-expressions to perceive
their sentiments. Results show that our model can predict
sentimental scores most accurately in different intervals and
perceive more fine-grained sentimental information.

5 Conclusion

Conventional models that rely on cross-modal attention often
face challenges in extracting modality-specific information,
especially when it comes to differentiating between similar
samples. This is primarily due to the inherent biases present
in the learning process. To overcome these limitations,
we introduce TeCaFN, which employs a unique cross-
sample fusion technique that amalgamates modalities
from separate samples. This innovative approach preserves
intricate modality-specific details by leveraging adversarial
training in conjunction with a pairwise prediction task.
Moreover, we have devised a robust two-stage mechanism
centered around text-centric contrastive learning. This
mechanism significantly enhances the stability of the
learning process involved in cross-sample fusion. Through
extensive experiments, TeCaFN has demonstrated superior
performance over existing methods in various multimodal
sentiment analysis tasks. The findings assess the efficacy
of modality-specific information in multimodal sentiment
analysis and underscore the importance of prioritizing
text as a primary modality. Future work can be carried out
based on efficient mining of negative samples or designing
auxiliary tasks more adapted to adversarial learning.
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