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ABSTRACT

Multimodal sentiment analysis (MSA) involves interpreting sentiment using various sensory data modalities.
Traditional MSA models often overlook causality between modalities, resulting in spurious correlations and
ineffective cross-modal attention. To address these limitations, we propose the Attention-based Causality-Aware
Fusion (AtCAF) network from a causal perspective. To capture a causality-aware representation of text, we
introduce the Causality-Aware Text Debiasing Module (CATDM) utilizing the front-door adjustment. Further-
more, we employ the Counterfactual Cross-modal Attention (CCoAt) module integrate causal information in
modal fusion, thereby enhancing the quality of aggregation by incorporating more causality-aware cues. AtCAF
achieves state-of-the-art performance across three datasets, demonstrating significant improvements in both
standard and Out-Of-Distribution (OOD) settings. Specifically, AtCAF outperforms existing models with a 1.5%
improvement in ACC-2 on the CMU-MOSI dataset, a 0.95% increase in ACC-7 on the CMU-MOSEI dataset under
normal conditions, and a 1.47% enhancement under OOD conditions. CATDM improves category cohesion in
feature space, while CCoAt accurately classifies ambiguous samples through context filtering. Overall, AtCAF
offers a robust solution for social media sentiment analysis, delivering reliable insights by effectively addressing

data imbalance. The code is available at https://github.com/TheShy-Dream/AtCAF.

1. Introduction

Sentiment is crucial to human interaction, shaping communication
and decisions [1]. As social media and sensor technologies evolve,
multimodal sentiment analysis harnesses diverse data like text, audio,
and video to accurately gauge sentiment scores [2]. Prior research in
multimodal sentiment analysis has primarily concentrated on facilitat-
ing interaction and integration among modalities. Some researchers use
tensor-based methods to obtain modal interaction representations [3—
5]. In addition, several studies use attentional mechanisms for cross-
modal modeling [6-10]. Some researchers have also designed auxiliary
tasks and self-supervised modules to help reduce the gap between
modalities [11-13]. In essence, most of these methodologies are de-
vised to enhance the extraction of consistent information across modal-
ities and the reduction of redundant information by either introducing
novel model architectures or tasks.

Although traditional Multimodal Sentiment Analysis (MSA) models
have shown enhancements in accuracy, they typically assess modality
similarity based on their co-occurrence when labels are provided for
improved modal fusion. However, this fusion approach, reliant on
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co-occurrence and statistical correlations, is suboptimal as it fails to
capture the causal relationship underlying modality interaction ac-
curately and cannot offer causal reasoning for prediction outcomes.
Consequently, two primary issues persist, leading traditional base-
line models to make erroneous predictions, as depicted in Fig. 1:
dataset bias and confusion in multimodal fusion. Due to data bias,
the baseline model is susceptible to the influence of imbalanced cat-
egory distributions, leading to a spurious correlation between text
and labels. Specifically, upon analyzing the distribution of specific
tokens in the samples depicted in Fig. 1 on the training set using
the BERT tokenizer, we observe that words such as “movie”, “umm”,
and even the letter “t” predominantly appear in the negative cat-
egory. Consequently, the model may inadvertently learn from this
distribution that the presence of the word “movie” is indicative of neg-
ative sentiment—an inherently absurd conclusion. As we understand,
the word “movie” does not inherently contain any sentimental cues
and thus cannot reliably serve as a factor for sentiment judgment.
Such spurious correlations [14-17] significantly impact the accuracy
of multimodal sentiment analysis and markedly diminish the reliability

Received 10 May 2024; Received in revised form 7 September 2024; Accepted 29 September 2024

Available online 2 October 2024

1566-2535/© 2024 Elsevier B.V. All rights are reserved, including those for text and data mining, Al training, and similar technologies.


https://www.elsevier.com/locate/inffus
https://www.elsevier.com/locate/inffus
https://github.com/TheShy-Dream/AtCAF
mailto:qhhuang@m.scnu.edu.cn
https://doi.org/10.1016/j.inffus.2024.102725
https://doi.org/10.1016/j.inffus.2024.102725
http://crossmark.crossref.org/dialog/?doi=10.1016/j.inffus.2024.102725&domain=pdf

C. Huang et al.

(umm) It's a psychological
thriller, if you haven't
watched it, it's a movie.

ETRTET
Audio: w

Text:

Label:
Word Frequency

27732841
3 Pos

2500 O Neg
2000 -=rwsseormrerersrenresmnens

1500 1341

1013
1000 - 892

s00]-+ 422 417 B

movie |- umm it t
Q1:Bias in the Dataset

. Multimodal Fusion
Main Effect

Sentimental Clues

Smile,free and relaxed m

Relaxed,

Side Effect

tone e

Other cross-modal clues *°*

AtCAF

Baselines
Negative
Q2:Confusion in Multimodal Fusion

Clue filtering

Fig. 1. Two primary issues leading to incorrect predictions by baseline models on
test samples (indicated by red arrows) are dataset bias and confusion in multimodal
fusion. Dataset bias is evident in the spurious correlations between text and labels,
as depicted in the bar plot. Confusion in multimodal fusion arises from the challenge
of discerning between causal cues (Main effect) and irrelevant context (Side effect).
Our AtCAF model adeptly distinguishes causal clues and facilitates accurate predictions
(illustrated by green arrows).

and robustness of multimodal sentiment analysis models in real-world
applications. Therefore, a fundamental question arises: (Q1): How can
we obtain the causality-aware representation of the text modality be-
fore modal fusion? Multimodal fusion plays a crucial role in mitigating
such spurious correlations. For instance, in the text depicted in Fig. 1,
which contains both “movie” and “nice”, the model tends to prioritize
“nice” when interacting with positive facial expressions and tone fea-
tures, disregarding the spurious correlation between “movie” and the
label. Nevertheless, exploring causality in multimodal fusion remains
limited, leading to ambiguity: What types of information should be
integrated? While humans inherently navigate a multimodal world,
capable of understanding the contextual nuances and core content to
make unbiased judgments, machines often operate within a likelihood-
based framework, grappling with the differentiation between main
effects and side effects. Thus, another critical challenge arises: (Q2): In
which way can we apply causality-aware multimodal fusion for robust
sentimental inference?

To address both the aforementioned questions, we propose the
Atention-based Causality-Aware Fusion network (AtCAF). We integrate
more causality-aware information to overcome the impact of spurious
correlations on prediction outcomes. The overall workflow is illustrated
in Fig. 2. Specifically, to answer (Q1), we first employ a structural
causal model (SCM) [18] to describe the causal diagram of multimodal
sentiment analysis. For the text modality, we design the Causality-
Aware Text Debiasing Module (CATDM). Inspired by the front-door
adjustment [18], this module mitigates the influence of confounders
by consolidating information from the global dictionary, which en-
compasses global textual features. To answer (Q2), we reanalyze the
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cross-modal attention mechanism in a causal graph and introduce a
novel Counterfactual Cross-modal Attention (CCoAt) module, which
provides counterfactual reasoning for conventional cross-modal atten-
tion. Leveraging counterfactual theory, this module effectively filters
out irrelevant contexts during modal fusion. Moreover, the CCoAt
module demands minimal computational resources during training and
imposes no additional computational costs during inference. Further-
more, our experiments on CMU-MOSI [19], CMU-MOSEI [20], UR-
FUNNY [21] and additional OOD tests showcase that our proposed
AtCAF significantly enhances sentiment prediction accuracy, attaining
state-of-the-art performance. Ablation studies affirm the effectiveness
of each component within our experimental network for sentiment
predictions. The contributions of our work can be summarized as
follows:

» We propose the novel Attention-based causality-aware fusion net-
work (AtCAF) for multimodal sentiment analysis, which captures
causal relationships in the training data to construct a compre-
hensive causality chain that effectively traces the causal trajectory
from user inputs to model outputs.

Building upon the causal diagram depiction of multimodal senti-
ment analysis, we extend the front-door adjustment to multimodal
learning and introduce the Causality-Aware Text Debiasing Mod-
ule (CATDM) to acquire a causality-aware representation of the
text modality.

Employing counterfactual theory, we design the Counterfactual
Cross-modal Attention (CCoAt) module. To the best of our knowl-
edge, this is the first study to discover causal relationships in
multimodal fusion in deep learning-based multimodal sentiment
analysis.

Extensive experiments conducted on CMU-MOSI, CMU-MOSEI,
UR-FUNNY datasets, and additional OOD tests on CMU-MOSEI
affirm the effectiveness and generalization capability of our pro-
posed AtCAF.

The remainder of this paper is organized as follows: Section 2 re-
views related work. Section 3 outlines the methodology of our proposed
AtCAF. Section 4 reports experimental results and analysis. Section 5
concludes the entire paper and describes future work.

2. Related work

This section reviews related work on multimodal sentiment analysis
and causal inference.

2.1. Multimodal sentiment analysis

Multimodal sentiment analysis entails interpreting emotions ex-
pressed through diverse channels such as text, audio, and visuals. Its
objective is to comprehend and categorize sentiments by amalgamating
cues from multiple modalities, thereby facilitating a comprehensive un-
derstanding of sentimental states for applications in human-computer
interaction and affective computing.

Previous work has focused on modal fusion methods to capture
modal coherence information. Zedeh et al. [3] use a tensor fusion layer
to explicitly aggregate unimodal, bimodal, and trimodal interactions for
sentiment prediction. Zedeh et al. [22] design a memory fusion network
(MFN) to capture intra-view dynamics and inter-view interactions over
time. Hazarika et al. [23] propose a novel framework that learns the
modality-invariant and modality-specific representations to capture the
distinctive features of each modality and complement the invariant rep-
resentations. Transformer [24] addresses the challenge of long-range
dependencies in modal representations. Tsai et al. [6] extend tradi-
tional cross-attention to cross-modal attention to automatically align
and fuse multimodal information. The Multimodal Adaptation Gate
(MAG) is introduced by Rahman et al. [25] to enable the acceptance
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Fig. 2. The workflow of our proposed AtCAF for the test sample.

and integration of nonverbal information during fine-tuning by pre-
trained BERT and XLNET. Sun et al. [26] represent interaction features
using the outer product of text, audio, and video. Han et al. [12]
leverage parametric and non-parametric methods to maximize mutual
information in multimodal fusion for sentiment analysis. Kim et al. [13]
employ two pre-training tasks, namely Multimodal Masked Language
Modeling and Alignment Prediction, to facilitate information fusion
across modalities in the BERT encoder.

The research above has indeed advanced accuracy in multimodal
sentiment analysis. However, it overlooks the presence of spurious cor-
relations between modalities. Consequently, the knowledge acquired
from the training set may not be transferable or reliable when ap-
plied to the test set or real-world scenarios, leading to inaccuracies
and unreliability. In response to this challenge, we propose a novel
front-door adjustment method tailored for multimodal learning, which
conducts intra-sample and inter-sample sampling for the endogenous
textual modality, while keeping the exogenous visual and audio modal-
ities unchanged to mitigate potential text bias in multimodal emotion
analysis. To the best of our knowledge, AtCAF is the first work to
extend front-door adjustment to alleviate textual spurious correlations
in multimodal sentiment analysis.

2.2. Causal inference

Indeed, numerous studies have highlighted the presence of spurious
correlations in deep learning [27-29]. Causal inference, extensively
employed in deep learning, eliminates spurious correlations within
complex datasets. By discerning authentic causal relationships, causal
inference enriches models, fostering robustness in analysis and predic-
tion.

Researchers must select various causal inference tools to address
different forms of debiasing. Wang et al. [14] mitigate confounders in
object detection using the back-door criterion and the do-operator. Rao
et al. [30] introduce counterfactual attention learning (CAL) to enhance
the learning of robust features within traditional attention mechanisms
for visual categorization and re-identification. Yang et al. [16] employ
the front-door criterion to construct causal attention in visual-language
models. Liu et al. [31] employ the front-door and back-door criteria
to eliminate spurious correlations in textual and visual modalities for
vision question answering (VQA). Huang et al. [32] devise a counter-
factual attention generator (CAG) to automatically guide the factual
attention module in learning invariant features and making sharp pre-
dictions for facial expression recognition (FER). Causal inference is
also applied to mitigate spurious correlations by establishing training
processes from a causal perspective rather than the traditional statis-
tical viewpoint. Sun et al. [33] identify spurious correlations within
textual data in multimodal sentiment analysis and effectively mitigated
them using a counterfactual framework. Moreover, Sun et al. [34]
employ a novel GMAE (Generalized Mean Absolute Error) loss function

to disentangle robust and biased features in each modality, aiming to
reduce spurious correlations between features and sentiment labels.

However, most studies focus on bias reduction within unimodal do-
mains, overlooking the aspect of cross-modal causal discovery. Hence,
our Attention-based Causality-Aware Fusion (AtCAF) network
addresses the mitigation of spurious correlations in the text modality
as an integral part of the representation learning process. Subsequently,
we utilize counterfactual cross-modal attention to facilitate cross-modal
causal discovery. We propose an auxiliary optimization module with
cross-attention by estimating causal effects under different modalities.
To the best of our knowledge, the work of decoupling cross-attention
and then performing counterfactual filtering for cross-modal causal
discovery is unprecedented.

3. AtCAF

In this section, we define the multimodal sentiment analysis task,
present preliminary knowledge, and formulate causal assumptions.
Subsequently, we provide a detailed introduction to our proposed
network.

3.1. Task definition

We use D = {T; V,-,A,-,Y,-}IIV to denote the set of training samples.
Each sample is a video clip containing three modalities: text modality
T;, video modality V;, audio modality A;, and a sentimental label Y;. The
multimodal sentiment analysis task aims to construct a unified model
F, with learnable parameters 6 that processes all three modalities
together and outputs a single sentiment analysis score ¥; ranging from
—3 to 3 or sentimental logits )7, (determined by the datasets) as follows:

Y, = Fy(T;. V;. A)). €))

Table 1 lists the basic notations used in this paper.
3.2. Preliminary and causal relationships

In this section, we refer to the Structural Causal Model (SCM) [18]
to present the preliminary knowledge and the causal relationships
addressed in this paper. The subsequent content of this paper is built
upon these causal assumptions.

Causal Graph. The causal graph G = {V, &} is a graphical repre-
sentation that depicts the causal relationships among a set of variables
or factors. It consists of nodes V, which represent the variables, and
directed edges &, which indicate the direction of causation between
variables [35].

The Causal Graph of Multimodal Sentiment Analysis. Based
on the traditional Multimodal Sentiment Analysis (MSA) procedure,
we illustrate the causal relationships in the MSA task in Fig. 3(a),
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Fig. 3. The proposed textual front-door adjustment. The blue line represents the true causal relationship in MSA, while the red dashed line represents the bias introduced by

confounders.

i.e. the causal relationships among the bias B, confounder C in text
{T,-}f’ , audio {A,.}i" , video {l/i}i\’ , multimodal fusion feature F and
model output Y. The confounder C denotes the frequent occurrence
of specific concepts, and text bias B refers to the strong correlation
between concepts and labels, despite the absence of genuine causal
relationships. The presence of text bias B in the training set results
in the emergence of the confounder C, which subsequently impacts
multimodal fusion and model output. Specifically, we use two causal
paths to describe the causal relationships from the input {7}, V}, A;} to
the output ¥;: Path 1: T < C — Y is a back-door path. This path reflects
the spurious correlation between text and labels in the training set.
Suppose the concept of “movie” frequently co-occurs with a negative
sentiment label in the training set. In that case, the model will correlate
these two concepts. Therefore, when “movie” appears in the testing set,
the model will infer a negative sentiment score without considering
other sentimental clues. Path 2: {T,V,A} —» F — Y describes the
fusion of modalities to generate the output. The model will perform
reliable knowledge extraction and multimodal interaction through this
path to obtain the multimodal representation F. For example, when
“movie” and “nice” simultaneously appear in the text and interact with
happy facial expressions and excited tones, the model will filter out the
spurious correlation related to “movie” and focus on the genuine clues
related to “nice”. As such, this path represents a real causal effect.

In summary, traditional Multimodal Sentiment Analysis (MSA) mod-
els predominantly emphasize modal fusion, neglecting the influence
of spurious correlation induced by the back-door path. Consequently,
the sentimental cues captured in the training set may not generalize
effectively to the testing set [16].

3.3. Overdll architecture

In this section, we provide a detailed description of our proposed
AtCAF. Initially, we conduct unimodal feature extraction to acquire
unimodal temporal features. For biased textual modalities, we utilize
front-door adjustment to mitigate spurious correlations with a global
dictionary and introduce the Causality-Aware Text Debiasing Mod-
ule (CATDM). Lastly, we devise Counterfactual Cross-modal Attention
(CCoAt) to enhance the original cross-modal attention mechanism for
capturing causality-aware sentimental clues. The overall architecture
diagram is illustrated in Fig. 4.

3.3.1. Unimodal feature extraction

To transform the multimedia input into a tensor representation
for input into the model, we utilize COVERAP [36] to extract audio
features and Facet [37] to extract video features as described in 4.4.
Considering the diverse characteristics of different modalities, we em-
ploy distinct modules to extract modal features. Specifically, we first
pad the text, video, and audio in batches independently and utilize
Long Short-Term Memory (LSTM) networks [38] to extract temporal

Table 1

Basic notation reference.
Notation Description
t The text modality
a The audio modality
v The video modality
m A specific modality
1, The input of modality m
F, The representation of m after feature extraction
L, The sequence length of m
d The feature dimension of m

m

Trans f ormer(-) The pre-trained text encoder

LSTM(-) The LSTM network

Convld(-) The one-dimensional convolution
do(+) The do operator

E() The calculation of the expectation
Pool(-) The mean pooling operation
MHA(") The multi-head attention operation
LN(-) The layer normalization operation
FFN() The feedforward network
softmax(-) The softmax layer

| | The concatenation operation
MLP() The multilayer perceptron

features from each modality separately, while employing Conv1lD for
remapping purposes in multimodal fusion [6]. As for the text modality,
we utilize a pre-trained transformer as the backbone network. In this
process, features from all modalities are extracted independently for
modal fusion:

h, = Trans former(1,),
F,, = Convld(LSTM(l,,)),m € {a,v},

(2)

where F,,,m € {a,v}, denotes the audio and visual features after uni-
modal feature extraction. The text modality is A, after passing through
the text encoder.

3.3.2. Causality-aware text debiasing module

As mentioned in Section 3.2, traditional MSA models suffer from
spurious correlation introduced by text. To address the issue of spurious
correlation in the text and obtain the causality-aware representation of
the text modality (referred to as Q1 in the Introduction), we leverage
causal intervention for further analysis [39].

Theoretical Analysis of the Debiasing Method. For the text
modality, the absence of the sampling process renders it impossible to
observe the text confounder C directly. Fortunately, the front-door ad-
justment presents a novel causal pathway for unobserved confounders.
This adjustment technique allows for the manipulation of contexts,
enabling the evaluation of the confidence of the knowledge learned
across different samples. For instance, one can isolate the occurrence of
“movie” associated with a negative label from the sentence and place
it separately within the context of other samples to assess its causal
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Fig. 4. The overall architecture of our proposed AtCAF. We represent the unimodal feature extraction process with solid-colored lines, depict the multimodal fusion process with
gradient-colored lines, and illustrate the incorporation of counterfactual information in the fusion process using gradient dashed lines. The lower left subplot depicts the process
of CATDM. The text A, is divided into two branches. One branch uses self-attention for in-sample learning, while the other branch interacts with the global dictionary constructed
through clustering using cross-attention to obtain a causality-aware text representation F,. The lower right subplot illustrates the workflow of a counterfactual cross-modal attention
block. Building upon the traditional cross-modal attention, we sample some attention scores from a predefined distribution to replace the original cross-attention scores. We have
marked the implementation process of the counterfactual cross-modal intervention with red solid lines.

effect on the label. If “movie” exhibits an insignificant causal effect
on the label in other contexts, it will be reassigned a relatively more
minor token-wise weight for inference within the front-door adjustment
procedure.

Specifically, to apply the front-door adjustment [18], we need to
introduce a mediator M [31] to construct a new causal pathway 7" —
F - M — Y to transmit the causal effect as illustrated in Fig. 3(b).
Based on causal graphs, we reformulate the MSA task as follows:

P(Y|T,V,A) = 2 P(M =k|T,V,APY|M = k), 3)
k

where k denotes the selection of knowledge from 7 based on audio
A and video V to make the final prediction Y. Therefore, the MSA
task is divided into the following two parts. {T,V,A} - F - M
denotes fusion module with multimodal knowledge extractor. M — Y
denotes sentiment predictor. To block the back-door path T <« C - Y,
we introduce the do-operator do(-) for causal intervention [18,31]. For
example, do(A = A) signifies forcibly setting the variable A to A,
thereby severing all causal connections from its parental nodes in the
causal graph. In other words, we cut off the causal path T « C. Thus,
the intervention probability can be represented as:

PY|do(T),V,A) =
3 P(M = kldo(T). V. A)P(Y |do(M = k). “
k

there is no unblocked back-door path between 7" and M, so we can get:

P(M =k|do(T),V,A) = P(M =k|T,V,A), 5)

however, an unblocked back-door path between M and Y exists. To
address this, we apply the back-door adjustment:

P(Y|do(M = k)= )’ P(T =0P(Y|T =1, M = k). ®)
t
By combining Egs. (4), (5), and (6), we can derive the formula for
the unbiased estimand from 7,V,A to Y:
PY|do(T),V,A) =
3 P(M = KIT.V.4) Y, P(T = )P(Y|T = 1.M = k), @
k T

where the direct calculation of the above conditional probabilities
involves a large amount of iterative computation and global statis-
tics, so we use deep neural networks to handle the above probability
estimation [16].

Implementation with the deep neural network of CATDM. To
implement Eq. (7) through a deep learning framework, the most
straightforward idea is to parameterize a module z with the softmax
function to estimate the probabilities [40]:

P(Y|do(T),V,A) =
Y P(M =k|T,V,A)Y P(T=0P(Y|T =1,M = k)
k t
= Eppgir v, a B [p(Y M, T)] ®

=Emrv.a By [softmax(z(M,T'))],

—— ——
ISKS CSKS

where T’ denotes the text modality from another sample. We param-
eterize the module z to estimate the probability value p(Y|M,T’) for
in-sample knowledge selection (ISKS) and cross-sample knowledge se-
lection (CSKS) [31,41]. ISKS involves extracting pertinent information
solely from the current input sample, whereas CSKS entails estimating
biases and recalibrating by integrating the current sample with others
from the training set. Nevertheless, sampling across the entirety of
available samples incurs substantial computational overhead. We use
the Normalized Weighted Geometric Mean (NWGM) [42] method to
estimate sampling down to the feature level:

P(Y|do(T),V, A) = Ejpry a1 B [sof tmax(z(M, T')]

NWGM 9
~  softmax(Bppiry B [z(M, TH)),

furthermore, according to the linearity of expectation and the proper-

ties of neural networks, we can put the expectation operation into z(-)

and represent it as:

P(Y|do(T),V, A) ~ sof tmax(z(Eypy 1.y 4/ LM 1, Ern [T'])
= softmax(z()" P(M = k|g,(T))k, Y, P(T = t|g,(T))v))
k t

" v

ISKS
= softmax(z(M, T)),

10)

CSKS
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where M denotes the in-sample knowledge selection process for esti-
mating M, T denotes the cross-sample knowledge selection process for
estimating 7’, and g, and g, are mapping functions, k and ¢ represent
the selected knowledge in the corresponding process.

Based on Eq. (10), we build the Causality-Aware Text Debiasing
Module (CATDM) shown in the lower left subplot of Fig. 4. Specifically,
we use the K-means algorithm to initialize a global dictionary h, €
RN*d: with over the textual modalities of the entire training set T, [16]:

h, = KMeans(Pool(Trans former(T,)), N). an

where N denotes the size of the dictionary. We design a dual-branch
network to estimate M and 7' separately. One of the branches is used
to perform self-attention calculations on the input text tokens A, to
obtain an estimate of the internal knowledge M within the sample.
The other branch takes the input A, as the query vector and uses the
global dictionary as the key and value vectors for cross-attention to
estimate 7' [40]. We employ an L-layer Transformer that leverages self-
attention and another L-layer Transformer that utilizes cross-attention
to implement the estimations:

M= MHALNRY) + LN (KT,
hi, = FFN(LN(M") + LN (M),
Ti = MHA(LN(hiZ"), LN(h)) + LN (hi7"),

hi = FFN(LN(T")+ LN(T"),

(12)

13

where M HA(X) represents self-attention operation on X, while
MHA(X,Y) denotes cross-attention operation with X as the query
vector and Y as the key-value vectors, i denotes the index of the
layer ranging from 1 to L, h% = h% = h, M’ and T' are the
intermediate feature in the ith transformer block, 4/;! and hi7! denote
the in-sample knowledge and cross-sample knowledge in the ith layer,
respectively. We can get the estimate of M ~ hk and T~ hE. We use a
multilayer perceptron to fuse in-sample knowledge M and cross-sample
knowledge 7' to obtain the causality-aware representation of the text
modality [16].

3.3.3. Counterfactual cross-modal attention module

Traditional cross-modal attention learns to map relationships be-
tween modalities by maximizing the likelihood. The central interaction
mediator, namely the cross-modal attention score, remains unexplored,
resulting in an unknown mapping relationship between modality rep-
resentations and fusion outcomes [30]. To evaluate the causal effects
of modality and attention on fusion results to achieve causality-aware
multimodal fusion (referred to as Q2 in the Introduction), we turn
to the causal effect framework [43] as a basis for reimagining the
cross-modal attention mechanism [24].

Theoretical Analysis of Cross-Modal Causality Discovery. Causal
inference allows us to open the black box of attention and teach models
to distinguish between main and side effects. To build a robust fusion
mechanism, we first decouple cross-modal attention. Cross-modal atten-
tion presently represents the predominant approach for modal fusion,
which originates from the following self-attention formula:

oK™

Attention(Q, K, V') = softmax( W, 14)

k
where the query vector Q, key vector K, and value vector V' come from
the same modality. However, in cross-modal attention, one modality is
designated as K and V, while the other is designated as Q. This mech-
anism integrates information by analyzing the mapping relationship
between the two modalities.

Motivated by counterfactual theory [18], a straightforward ap-
proach is to assess the causal impact of attention scores on fusion
outcomes. Concretely, we devise a counterfactual scenario to under-
stand “bad attention”. By training the model under the guidance of this
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counterfactual attention scenario, the model acquires better attention
mechanisms in the factual scenario for fusion.

For further analysis, we use uppercase letters (e.g. Q) to represent
random variables, lowercase letters such as (e.g. m) to represent ob-
served values of random variables, and subscripts (e.g. F,) to describe
the effect of the action do(X = x) on F for further analysis, as illustrated
in Fig. 5. O, K, and V represent the aforementioned branch vectors
used to calculate attention, A denotes the attention scores, and F
represents the fusion result as illustrated in Fig. 5(a).

In the factual scenario, we assign K and V' to one modality, denoted
as my, and designate Q as the other modality, represented by m,, akin to
the conventional cross-modal attention setup, yielding the causal graph
as shown in Fig. 5(b). In the counterfactual scenario, K and V will be
replaced with a value (e.g. m}) different from m,. Consequently, a series
of “what if” questions arise. For example, F,, A represents ‘“What
would the fusion result be if K and V' were set to m; and A were set to
the value when K and V were m’l* and Q were set to m,?” in Fig. 5(c);
Eye represents “What would the fusion result be if K and V' were
set to mT while O were set to m,” in Fig. 5(d).

Causal effect specifically quantifies the change in the outcome vari-
able resulting from the manipulation or change in the causal variable
while holding other relevant factors constant [43,44]. Specifically, the
total effect (TE) refers to the overall impact of a variable on another
variable. It encompasses both direct (e.g. KV — F) and indirect effects
(e.g. KV — A — F). Suppose we want to measure the total effect of
K and V on the fusion result F, we can compare the difference in
the fusion result from changing situation do(KV = '"T) to situation
do(KV =my;) [43]:

A iy

Inl —_ _ .
Erp= My Amy my FmY’AmT,mz, 1s)

where E;"‘E denotes the total effect of m; on the fusion result F,

Fy,, Ay my denotes the traditional factual fusion result, F’"T’ A de-
notes the fusion result when we set K and V to my. We further discuss
the natural direct effect (NDE), which represents the expected change
in F when changing situation do(KV = m}) to situation do(KV = m,)
that is not mediated by any variables. In situation do(KV = m*l‘), the
value of A is AM’,‘.Mz' Keeping A unchanged, the NDE of K and V' on the
fusion outcome F is expressed as follows:

my _ _ )

Evpe = 1 An g F’"T’Am’l‘mz’ (16)

where F,, LA denotes the fusion result when we set K and V to
> ml.mz

m; and set A to the attention scores interacting between mj and
m,. Meanwhile, the total indirect effect (TIE) measures the difference
between TE and NDE, indicating how K and V impact the fusion
outcome via the intermediary of attention scores A:

my. _ pmpo_
E _ETE

m
TIE EybE = my,A = Fnya,e an

my.,my rr{l smy ’

we observe that the TIE of K and V on the fusion outcome essentially
corresponds to the TE of attention scores on the fusion outcome,
denoted as E;',.

Implementation with the deep neural network of CCoAt. In the
above process, we do not intervene with attention scores or the fusion
result with Q, and Q is exogenous in the causal graph, we can treat it
as a constant and omit it from the equation to streamline the network
architecture:

E?E = E;'"’;E = Fmp Ay T le,A,,,T' 18)

Based on the conclusion derived from Egs. (17) and (18), we can
employ a neural network to assess the indirect effect effects between
the modality m; and the outputs. Meanwhile, this network can assess
the total effects between the attention scores and the outputs.

By employing counterfactual interventions, we prompt the model
to speculate about attention maps that do not exist and explore their
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(a) Causal graph of cross-modal attention. (b) Causal graph under the factual sce-

nario.

(c) Causal graph under counterfactual sce- (d) Causal graph when intervening K'V' to
nario when KV is set to m; and A is set to be mj.

the value it would have been if KV were

mj.

Fig. 5. Causal graph of cross-modal attention and counterfactual intervention annotations.

impact on fusion outcomes. Inspired by Eq. (18), we use A to repre-
sent Am’; for simplicity, and introduce do-operator do(-) for interven-

tion [45]. Consequently, we obtain:
F(do(A = A),KV =my) = qy(lmy % Ay ;my % Ay)), 19

where ¢, denotes the fusion network, & is the number of the head in
multi-head attention. To implement counterfactual intervention using
a deep learning framework [30,32], we rewrite Eq. (18) as follows:

A m
Erp=Epp=
Eji [F(A=A, KV =m)- F(do(A= A),KV =m))], 20

CoAt CCoAt

where E;}E and E'T";  denote the total effect of the attention A and
the total indirect effect of m; on the outcome, respectively and 7 is
the distribution of counterfactual attention which determined by the
counterfactual type as discussed in 4.4. The CoAt(-) and CCoAt(-) rep-
resent cross-modal attention and counterfactual cross-modal attention,

respectively. The formula is as follows:

F;,, = CoAt,,_,, = Encoder(Q = F,,K = F,,,V = F,), 21)

F; =CCoAt,_, = CEncoder(Q = F,,K = F,.V = F,), 22)

m
where F,,, denotes the fusion result of m € {a,v} and 1, Encoder(-) is
an L-layer Transformer that includes cross-attention and feed-forward
neural networks, where the text F, serves as the query vector, and
the modalities F,,,m € {v,a}, serve as the key and value vectors.
CEncoder(-) denotes a counterfactual cross-modal attention block illus-
trated in the lower right subplot of Fig. 4. C Encoder(-) is architecturally
identical to the Encoder, with the only differences lying in the attention
computations across various layers. The attention of the C Encoder(-) is
constrained to be equal to A, depending on the type of counterfactual

attention as discussed in 4.4. F;; denotes the counterfactual fusion re-
sult of m € {a, v} and 7. The CCoAt module is only used during training,
so there is no additional computational consumption for inference.

3.4. Prediction and loss function

We use a multilayer perceptron to fuse F,,, F,, to get the result
of prediction y and F, F;} to obtain the result of the counterfactual
prediction j, , respectively:

9= MLP([F,,; F,,]), @3

Sy = MLP((FL; FL)). 4

The causal effect of attention on the prediction can be estimated using
yand . :

yeffect=j/_j/cf’ (25)

where y, /s, reflects the gap between factual attention and counter-
factual attention, with better factual attention indicating a larger gap.
SO Y, s rec Can serve as a supervision signal during the training process:

£effecr = Edis(yeffect’ y)’ (26)

where L,;, denotes the distance loss function, and y denotes the ground
truth label. For multimodal sentiment analysis, £, is the Mean Abso-
lute Error (MAE) loss, and for multimodal humor detection, it is the
cross-entropy loss. Besides, we use the hyperparameter y to balance the
counterfactual guidance loss and the original task loss £,,,. Our total
loss function is formulated as follows:
L= f’task + }/‘Ceffect (27)
= [’dis(f]’ y) + y[’effen’

Our proposed AtCAF algorithm is shown in Algorithm. 1.
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Algorithm 1: Attention-based Causality-Aware Fusion network
(AtCAF)

Input : D= {(M,,M,,M,),Y}, y, learning rate #,,,;,, fers>
Nopochs> global dictionary size N

Output: Prediction j # sentiment score

1 # Build the confounder dictionary (refer to Section 3.3.2)
2 hy « K M eans(Pool(T'rans f ormer(M,)), N)
3 for each epoch do

4 for mini-batch {(I}, 1!, 11), )’,.}‘.';1 from D do
5 # Unimodal feature extraction (refer to Section 3.3.1)
6 F,,F, h, « Encode(I.,I' I')
7 if training then
8 # Text debiasing using CATDM (refer to Section 3.3.2)
9 F, < CATDM (h,. hy)
10 # Multimodal fusion with CCoAt (refer to
Section 3.3.3)
11 F,, « CoAt,_(F,, F,) # text-audio fusion
12 F,, « CoAt,_,(F,, F,) # text-vision fusion
13 F} « CCoAt,_,(F,, F,) # text-audio counterfactual
fusion
14 E} « CCoAt, ,(F,, F,) # text-vision counterfactual
fusion
15 # Prediction (refer to Section 3.4)
16 9y« MLP([F,,; F,,)) # fusion result
17 Jor < MLP([F}; F;1) # counterfactual fusion result
18 # Loss function and optimization (refer to Section 3.4)
19 £effecr - £dis(yeffect= ») # effeCt loss
20 L Lyis(3.9) + 1Ly foer # total loss
21 Mini-batch gradient descent
22 Update model parameters
23 else
24 F,, < CoAt,_(F,, F,) # text-audio fusion
25 F,, « CoAt,_(F,, F,) # text-vision fusion
26 9y <« MLP(F,,; F,,]) # fusion result

3.5. CATDM and CCoAt: Enhancing multimodal sentiment analysis

Traditional approaches often struggle to capture nuanced sentiment
cues due to a bias in multimodal contexts. The Context-Aware Tex-
tual Data Model (CATDM) tackles this challenge through in-sample
and cross-sample knowledge extraction, reducing spurious correlations.
Integrating these knowledge extraction methods encourages the model
to evaluate knowledge stability, incorporating global dictionary knowl-
edge. For instance, the term “movie” appears in various contexts like
actor descriptions, plot summaries, and intonation. Through supervised
learning, the model recognizes that “movie” is contextually sensitive,
lacking causality-awareness. In contrast, phrases like “nice movie”
consistently evoke positive sentiment, establishing “nice” as a sta-
ble sentiment indicator. Leveraging these insights, CATDM enhances
textual data’s reliability for multimodal fusion.

Effective attention aggregate is crucial for interpreting sentimental
clues in diverse modalities. Traditional methods often struggle with
low-quality attention, requiring human intervention for improvement
[30]. CCoAt addresses this issue by posing a critical question: “What
would happen to fusion results if the attention was altered to A”. CoAt
extracts invariant information, such as causality-aware clues explaining
primary causation. Additionally, CCoAt captures unstable contextual
information, particularly in volatile multimodal contexts with side
effects. Supervised by the loss function, this approach ensures that
CoALt’s fusion outcomes differ significantly from those with low-quality
attention. This optimization enhances cross-attention in CoAt and en-
courages autonomous prioritization of primary causal effects, reducing
the need for human oversight.
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Table 2
Dataset splits for CMU-MOSI, CMU-MOSEI, UR-FUNNY, CMU-MOSEI*, and CMU-
MOSEI**

Dataset Train Valid Test All
CMU-MOSI 1284 229 686 2199
CMU-MOSEI 16,326 1871 4659 22,856
CMU-MOSEI* 16,957 1848 1715 20,520
CMU-MOSEI** 16,770 1833 1955 20,558
UR-FUNNY 7614 980 994 9588

4. Experiments

This section presents the experimental details, encompassing the
dataset, experimental setup, baseline models, and ablation studies.

4.1. Datasets

We conduct experiments on four public datasets, CMU-MOSI [19],
CMU-MOSEI [20] and UR-FUNNY [21], to validate the effectiveness of
our proposed AtCAF. To further verify the model’s robustness on Out-
Of-Distribution (OOD) data, we conduct experiments using the OOD
version of the CMU-MOSEI dataset [33]. The data splitting followed
the original dataset specifications, detailed in Table 2.

CMU-MOSI. The CMU-MOSI dataset is designed for multimodal
sentiment analysis. It encompasses 2199 individual speech segments
extracted from 93 opinion-based videos featuring 89 YouTube movie
reviewers. It incorporates speech, text transcriptions, and visual clues,
offering diverse modalities for sentiment assessment. Annotations in-
clude sentiment labels and continuous dimensions ranging from -3
(strongly negative) to 3 (strongly positive).

CMU-MOSEI. The CMU-MOSEI dataset is an expanded version of
CMU-MOSI. It captures diverse expressions of emotion, speech, and
language within speeches, encompassing a spectrum of natural sen-
timental experiences. It comprises 3228 videos covering 250 varied
topics, sourced from 1000 different YouTube speakers. Data annotation
standards are consistent with CMU-MOSI.

CMU-MOSEI-OOD. The CMU-MOSEI-OOD is constructed through
an adapted simulated annealing algorithm [46] from the CMU-MOSEI
dataset, which iteratively adjusts testing distributions to achieve sig-
nificant differences in word-sentiment correlations from the training
set. It is an OOD dataset in multimodal sentiment analysis. The dataset
encompasses two configurations: the OOD distribution for the binary
classification scenario (marked as CMU-MOSEI*) and the OOD dis-
tribution for the seven-class classification scenario (marked as CMU-
MOSEI**), corresponding to these two distinct granularities of data
partitioning. The data annotation is consistent with CMU-MOSEIL.

UR-FUNNY. The UR-FUNNY dataset comprises 8257 instances of
humor extracted from TED talk videos and transcripts. Each instance
includes textual, visual, and acoustic modalities for multimodal humor
detection (MHD). Binary labels within the UR-FUNNY dataset indicate
whether a joke is humorous. The UR-FUNNY task encompasses the
context setting (given the context) and the punchline setting (without
the context). Our experimentation on UR-FUNNY is conducted within
the punchline setting.

4.2. Evaluation metrics

Based on prior research [12], we comprehensively analyze the
CMU-MOSI and CMU-MOSEI datasets, reporting metrics pertinent to
regression and classification tasks.

Regression Task Metrics

» Mean Absolute Error (MAE): This measures the average magni-
tude of the errors between predicted and actual sentiment scores.
The value range is from O to infinity, with a lower value indicating
a better model fit. MAE is chosen for its simplicity and direct
interpretation, representing the average prediction error in the
same units as the sentiment scores.
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» Pearson Correlation Coefficient (Corr): This metric quantifies
the strength and direction of the linear relationship between
predicted and actual sentiment scores. The value range is from
—1 to 1, where 1 indicates a perfect positive linear relationship,
-1 indicates a complete negative correlation, and 0 indicates no
linear relationship. Corr is selected for its ability to represent the
degree of linear association, which is essential for understanding
the model’s predictive power.

Classification Task Metrics

» Seven-category Classification Accuracy (ACC-7): ACC-7 di-
vides the range from —3 to 3 into seven score intervals to assess
the model’s accuracy in fine-grained sentiment analysis. The
value range is from O to 1. High values indicate a better model
performance in fine-grained sentiment classification.

Binary Classification Accuracy (ACC-2): This measures the pro-
portion of correct predictions in a binary classification context. It
has the same value range and implications as ACC-7.

Weighted Fl-score (F1): This balances precision and recall for
classification tasks, with different weights for classes to account
for imbalance. The value range is from O to 1, with a higher value
indicating a better balance between precision and recall. F1 is
chosen for its ability to provide a single measure that accounts for
false positives and false negatives, which is crucial for models that
balance these two types of errors. Specifically, for ACC-2 and F1,
we report the accuracy under the following two configurations.

1. Non-negative/Negative (NN/N) Classification: This
evaluates the model’s ability to distinguish between non-
negative (> 0) and negative (<0) sentiments.

2. Positive/Negative (P/N) Classification: This focuses on
the model’s accuracy in classifying sentiments as either
positive (>0) or negative (<0), which is essential for un-
derstanding the model’s performance on the primary sen-
timent classes.

Specifically, For CMU-MOSEI*, we report ACC-2 and F1, while for
CMU-MOSEI**, we report ACC-7 with their settings consistent with
those in CMU-MOSEL It is worth mentioning that the ACC-2 and
Fl-score on the OOD dataset not only reflect the model’s predictive
accuracy but also indicate the model’s robustness. In addition, we
report ACC-2 as the evaluation metric to assess the model’s accuracy in
identifying humor on the UR-FUNNY dataset. The value range is from
0 to 1. High values signify greater accuracy of the model in identifying
humor and vice versa.

4.3. Baselines

We compare our model with other MSA models to validate the
performance of our causality-aware sentiment analysis network. To
ensure a fair comparison, all baseline models employ the same task-
specific loss function and utilize the same experiment settings. The
baselines are listed as follows:

TFN [3] utilizes tensors at three levels—unimodal, bimodal, and
trimodal for modality fusion.

LMF [4] generates a multimodal output representation through
low-rank multimodal fusion involving modality-specific factors.

MulT [6] employs cross-modal attention between each pair of the
three modalities for fusion.

MISA [23] projects modalities to invariant and specific subspaces,
enabling input reconstruction and fusion for task predictions.

MAG [25] employs multimodal adaptation gates across various
transformer layers to adaptively fuse non-textual information.

Self-MM [11] utilizes a modal label generation task to preserve
modality-specific information.

MMIM [12] utilizes multi-level mutual information maximization
to model the process of modality fusion.
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BBFN [47] designs a text-centric Modality Complementation Layer
to achieve different modality fusion and separation representations.

HyCon [48] utilizes three different hierarchical levels of contrastive
learning to acquire representations of modalities.

CubeMLP [49] employs separate MLP units to independently mix
multimodal features at sequential, channel, and modality levels, en-
abling the blending of these features across all axes.

TETFN [7] empowers non-textual modalities using textual informa-
tion and constructs a Transformer network to model modality fusion.

AOBERT [13] designs multimodal masking and alignment predic-
tion tasks to perform multimodal fusion in bert-large.

MTMD [50] learns modality interactions by distilling different tasks
and modalities, leveraging weighted concatenation.

CRNet [51] designs a multi-task strategy to optimize different
representation subspaces.

TMBL [52] proposes a novel modality-binding network to extract
modality-invariant and modality-specific information efficiently.

PEST [53] introduces a dynamic propagation model to enhance
sentiment analysis through cross-modal interaction.

MCL-MCF [54] employs multi-level contrastive learning and multi-
layer convolution fusion for multimodal sentiment analysis.

CLUE [33] evaluates causal effects within models by introducing
additional text models, which is a method tailored for OOD scenarios.

4.4. Implement details

Feature Extraction. To ensure a fair comparison, we adopt the
data preprocessing approach of the HyCon [48]. Specifically, Facet [37]
is applied for visual modality feature extraction, capturing features
such as facial action units, landmarks, and head pose, sampled at
30 Hz to sequence facial expressions over time. For the audio modality,
COVAREP [36] extracts features including 12 Mel-frequency cepstral
coefficients, pitch, speech polarity, and spectral properties, sampled
at 100 Hz to track vocal tone changes throughout each utterance.
We utilize XLNet [55] for textual embeddings, with an embedding
dimension of 768.

Hyperparameter Setting. We utilize Adam as the optimizer with
a learning rate of 5e—5 for the text encoder, le—3 as the primary
learning rate, and maintain a fixed batch size of 64. The lengths of
all modalities are padded to the length of the longest sample within
the same batch. The hidden dimension of the LSTM is fixed at 32, and
the kernel size of the Conv1D is fixed at 1. The hidden dimension for
all cross-modal and counterfactual cross-modal attention is 30, with a
dropout rate of 0.1 applied to the attention computation and the fully
connected layer. The number of heads in the multi-head attention is 5.
The tuning ranges for other hyperparameters are delineated as follows:
y is tuned within the set {0.1, 0.2, 0.4, 0.8}, the sizes of the confounder
dictionary for text are explored within {50, 100, 200, 400}, the number
of transformer blocks in CATDM is varied among {1, 3, 6, 9}, and the
number of transformer blocks in CCoAt is examined within {1, 2, 4,
6}. All experiments are executed on a single Tesla V100 (32 GB) GPU
equipped with CUDA 11.2, using PyTorch version 1.8.1.

Counterfactual Attention Strategy. We implement four counter-
factual attention mechanisms—uniform attention, reversed attention,
shuffle attention, and random attention in the CCoAt module [30].
Their implementation details are outlined as follows:

Uniform attention: Unmasked positions are assigned values
equivalent to the average of the actual attention weights, ensuring
each unmasked token receives the same weight.

Reversed attention: Unmasked positions are assigned values ob-
tained by subtracting the actual attention from the maximum at-
tention score. Consequently, the score assigned to each unmasked
token is forcibly reversed compared to the actual attention.
Shuffle attention: Attention scores are shuffled along the batch
dimension.

Random attention: Unmasked positions are assigned attention
scores uniformly sampled from the distribution U°(0, 2).
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Table 3
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Comparison results between AtCAF and other baselines on the CMU-MOSI, CMU-MOSEI, and UR-FUNNY. For ACC-2 and F1, the values to the left of “/” represent the results
under the non-negative/negative (NN/N) setting. In contrast, the values to the right represent the results under the positive/negative (P/N) setting. Metrics labeled with 1 indicate
better performance with higher values, and those labeled with | indicate better performance with lower values. The previous state-of-the-art (SOTA) values are annotated with
underscores, while the current SOTA values are highlighted in bold.

Models CMU-MOSI CMU-MOSEI UR-FUNNY
MAE|  Corrf  ACG7t  ACC-2t F11 MAE|  Corrt  ACC7t  ACC-2t FI11 ACGC-21
TFN(2017)" [3] 0.901  0.698  34.9 -/80.8 -/80.7 0593 0700 502 -/82.5 -/82.1 67.53
LMF(2018) [4] 0917  0.695 332 -/82.5 -/82.4 0.623 0677  48.0 -/82.0 -/82.1 68.57
MulT(2019)" [6] 0861 0711 - 81.5/84.1 80.6/83.9 0580 0703 - -/82.5 -/82.3 70.55
MISA(2020)" [23] 0.804 0764 423 80.79/82.10  80.77/82.03  0.568  0.724 - 82.50/84.23  82.67/83.97  70.61
MAG-BERT(2020)" [25] 0790 0768 429 -/83.5 -/83.5 0.602 0778  51.9 -/85.0 -/85.0 -
MAG-XLNet(2020) [25] 0746  0.804 423 -/84.8 -/84.8 0581 0797 527 -/85.4 -/85.4 -
Self-MM(2021)* [11] 0712 0795  45.79 82.54/84.77  82.68/84.91 0529  0.767  53.46 82.68/84.96  82.95/84.93 -
MMIM(2021)" [12] 0700  0.800  46.65 84.14/86.06  84.00/85.98  0.526  0.772  54.24 82.24/85.97  82.66/85.94 -
BBFN(2021)¢ [47] 0776 0755  45.0 -/84.3 -/84.3 0529 0767 548 -/86.2 -/86.1 71.68
HyCon-BERT(2022)" [48] 0713 0790  46.60 -/85.2 -/85.1 0.601 0776  52.80 -/85.4 -/85.6 -
HyCon-XLNet(2022)" [48]  0.688  0.818  46.0 -/85.5 -/85.4 0590 0788 532 -/86.4 -/86.4 -
CubeMLP(2022)° [49] 0770 0767 455 -/85.6 -/85.5 0529 0760  54.9 -/85.1 -/84.5 -
TETFN(2023)° [7] 0717  0.800 - 84.05/86.10  83.83/86.07  0.551  0.748 - 84.25/85.18  84.18/85.27 -
AOBERT(2023)° [13] 0.856 0700  40.2 85.2/85.6 85.4/86.4 0515 0763 545 84.9/86.2 85.0/85.9 70.82
MTMD(2023)¢ [50] 0705 0799  47.5 84.0/86.0 83.9/86.0 0531 0767  53.7 84.8/86.1 84.9/85.9 -
CRNet(2024)° [51] 0712 0797  47.4 -/86.4 -/86.4 0541 0771 538 -/86.2 -/86.1 -
TMBL(2024) [52] 0.867 0762  36.3 81.78/83.84  82.41/84.29  0.545  0.766  52.4 84.23/85.84  84.87/85.92 -
PEST(2024)° [53] 0723 079 - -/86.1 -/86.1 0542 0761 - -/85.3 -/85.1 -
MCL-MCF(2024)¢ [54] 0.692 0799 - 84.9/87.3 84.7/87.2 0536 0767 - 84.2/86.4 84.4/86.3 -
AtCAF 0.650  0.831  46.50 87.03/88.57  86.96/88.53  0.508 0.785  55.85 86.03/86.98  86.04/86.78  72.13

The result of UR-FUNNY comes from [13] and [47].
2 Results are from [12].

b Results are from [48].

¢ Results are from original papers.

4.5. Performance results

Under the normal setting of the dataset, the comparison results
between our model and other baselines on CMU-MOSI, CMU-MOSEI,
and UR-FUNNY are presented in Table 3. Our model achieves state-
of-the-art (SOTA) performance on almost all metrics on three datasets,
surpassing models with even more powerful text encoders.

Traditional tensor-based fusion networks (TFN, LMF, CubeMLP)
struggle to integrate multimodal data, resulting in poor performance
effectively. The attention-based networks (MulT, MAG-BERT, MAG-
XLNet, BBFN, TETFN, CRNet, TMBL, PEST) learn mappings between
modalities by considering the similarities and co-occurrences of dif-
ferent modalities, which compensates for the shortcomings of tensor
networks and achieves an improvement in accuracy. However, they do
not consider the sentimental cues in the fusion process. By combining
auxiliary tasks such as modal reconstruction (MISA), unimodal predic-
tion (Self-MM), maximizing mutual information (MMIM), contrastive
learning (HyCon-BERT, HyCon-XLNet, MTMD, MCL-MCF), mask pre-
diction (AOBERT), the network model based on multi-task learning
has also achieved good performance. However, they still model based
on correlation, and the distributional bias inherent in the dataset
remains unresolved. Unlike previous works, AtCAF employs a CATDM
module to overcome the inherent distribution bias in the dataset,
making it easier to mine genuine sentimental cues. During the fusion
stage, AtCAF uses CCoAt to filter out incorrect contexts, achieving
consistent sentimental cues across different modalities. Thus, AtCAF
achieves exceptional performance on the CMU-MOSI dataset across
various metrics, notably improving upon previous SOTA values. Specif-
ically, compared to prior benchmarks, the MAE drops from 0.688 to
0.650, the Corr increases from 0.818 to 0.831, the ACC-2 increases
from 85.2%/87.3% to 87.03%/88.57%, and the F1 increases from
85.4%,/87.2% to 86.96%/88.53%. Experiments have proven that AtCAF
can achieve sota performance in CMU-MOSI even better than models
trained with larger parameters and more complex training processes.
It is worth noting that AtCAF shows significant improvements in MAE,
Corr, ACC-2, and F1, which means that AtCAF has a better fit than the

10

baselines and, with the assistance of the debiasing module, possesses
excellent sentiment polarity discrimination capabilities.

On the CMU-MOSEI dataset, traditional tensor fusion networks are
limited by their scalability and size, making it difficult to achieve
good performance. Transformer-based networks have expanded in scale
and improved how they model multimodal data, leading to increased
accuracy. However, although many models have used an enhanced
module when facing more complex contexts, their fusion process is
inefficient, and their performance has hit a bottleneck. Even with the
use of other auxiliary tasks to reduce the burden of modal fusion, it is
impossible to break through this bottleneck, as the correlation-based
modeling approach causes it. Unlike other baseline models, AtCAF
designs the CATDM from a causal perspective to mitigate situations
where spurious correlations easily influence models in correlation-
based modeling. Furthermore, during the fusion stage, CCoAt is used to
encourage the model to consider not only the co-occurrence of modal-
ities when learning attention scores but also the inherent impact of
modeling unstable contexts on attention, enhancing the effect of modal
fusion in complex contexts. Thus, AtCAF exhibits superior performance
compared to all baselines. The richer multimodal contexts provided
by CMU-MOSEI prove advantageous for AtCAF’s CATDM and CCoAt
modules in uncovering genuine causal relationships. In comparison to
prior SOTA values, AtCAF achieves new SOTA benchmarks across most
metrics, with a notable decrease in MAE by 0.07, an improvement in
ACC-7 by 0.95%, and an increase in ACC-2 and F1 by 1.03%/0.58% and
1.04%/0.38%, respectively. These experiments affirm AtCAF’s capability
to discern sentimental cues accurately within a multimodal context. It
is worth mentioning that AtCAF has shown significant improvement on
ACC-7, ACC-2, and F1, which implies that AtCAF is particularly advan-
tageous for multi-modal sentiment analysis of different granularities on
larger datasets.

Furthermore, on the UR-FUNNY dataset, tensor-based networks and
attention-based networks both perform poorly because multimodal hu-
mor detection is a more abstract and challenging problem. AOBERT
uses the more powerful bert-large to mine text information, and BBFN
compensates for the supplementary information during multimodal
interaction through multimodal complement layers. Despite this, AtCAF
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Table 4

Comparison results of AtCAF and other baseline models on the out-of-distribution
datasets CMU-MOSEI* and CMU-MOSEI**. The labeling and settings are consistent with
those in Table 3.

Models CMU-MOSEI* CMU-MOSETI**
ACC-2t F1t ACC-71
TFN [3] 71.23/69.76 70.46/69.02 41.05
LMF [4] 68.16/69.58 68.31/69.58 31.11
MulT [6] 72.56/73.73 72.44/73.58 40.58
MAG-BERT [25] 74.59/76.41 74.48/76.27 45.88
MISA [23] 74.48/76.45 74.39/76.33 43.15
Self-MM [11] 74.68/74.50 74.33/74.22 45.81
MAG-BERT+CLUE [33] 78.34/80.51 78.23/80.46 48.66
MISA+CLUE [33] 77.17/78.77 77.08/78.74 46.86
SELF-MM+CLUE [33] 77.76/79.48 77.72/79.47 48.09
AtCAF 78.60/80.62 78.59/80.60 50.13

All results are from [33].

still performs best with the causality-aware representations provided by
CATDM and the context-aware capabilities offered by CCoAt. AtCAF
elevates binary classification accuracy by 0.45%, underscoring the
contribution of causal information in multimodal humor detection.

Under the out-of-distribution setting, the comparative results be-
tween AtCAF and the baselines on CMU-MOSEI are shown in Table 4.
When operating under the out-of-distribution (OOD) setting, excessive
reliance on information from the textual modality or the absence of
an effective method for modal fusion can significantly diminish the
model’s accuracy in both binary and seven-category classification. Tra-
ditional methods (TFN, LMF, MulT, MAG-BERT, MISA, Self-MM) suffer
a significant reduction in accuracy. CLUE introduces an additional text
model from the perspective of measuring causal effects to alleviate
the aforementioned issues and enhance the ability of fundamental
multimodal sentiment analysis models to overcome out-of-distribution
issues. However, it cannot mine causality across modalities. There-
fore, it demonstrates the potential of causal inference in uncovering
sentimental cues but does not fully utilize it. Building on the causal
representation of the text modality using CATDM, the CCoAt is applied
to explore causal cues between different modalities. This allows AtCAF
to improve the current SOTA values under the out-of-distribution set-
ting, with an increase of 0.26%/0.11% in ACC-2, 0.36%,/0.14% in F1,
and 1.47% in ACC-7. Experiments under the out-of-distribution setting
confirm that AtCAF can capture more stable sentimental cues than
other models. Even when there is a significant label shift between the
training and testing sets, optimal results are still achieved in classifica-
tion problems of different granularities. This also verifies the robustness
of CATDM and CCoAt in capturing sentimental cues. It is worth noting
that AtCAF has made significant improvements on ACC-7, indicating
that AtCAF is particularly advantageous for fine-grained multi-modal
sentiment analysis on the OOD datasets.

In summary, the AtCAF achieves new state-of-the-art values across
all datasets in both normal and out-of-distribution (OOD) settings,
including CMU-MOSI, CMU-MOSEI, UR-FUNNY, CMU-MOSEI*, and
CMU-MOSEI** without notable drawbacks. Its performance remains
superior to all models, even without employing complex training pro-
cesses such as contrastive learning or utilizing larger text encoders. It
confirms the effectiveness and robustness of the CATDM and CCoAt
modules in multimodal sentiment analysis.

4.6. Ablation studies

In this section, we conduct ablation experiments to validate the
effectiveness of our proposed module, including the CATDM and CCoAt
modules. The experimental results on the CMU-MOSI, CMU-MOSEI, and
UR-FUNNY under normal settings are shown in Table 5. In contrast,
the results on the CMU-MOSEI under the out-of-distribution setting are
shown in Table 6.
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The effectiveness of CATDM. To validate the effectiveness of
CATDM, we conduct experiments where CATDM is removed (denoted
as w/o0 CATDM) and where k-means initialization for CATDM is omitted
(denoted as w/o CATDM,,,;,).

Under normal settings, we observe a decrease in accuracy across all
datasets after removing CATDM. This decline in performance under-
scores the pivotal role of debiasing for textual modalities in facilitating
modal fusion and enhancing the overall network’s performance. Fur-
thermore, we investigate the impact of different initialization strategies
for CATDM. Surprisingly, we find that model performance improves
even when CATDM parameters are randomly initialized, suggesting the
presence of confounders in the data. However, initializing the global
dictionary using causal inference methods yields superior results.

We can arrive at consistent conclusions on the out-of-distribution
dataset, which is particularly evident in the binary classification task of
negative/positive discrimination. Removing the k-means initialization
directly results in an approximate 3% decrease, while directly removing
CATDM leads to an approximate 4% decrease. Due to the OOD settings,
distinguishing between negative and positive sentiments becomes more
vulnerable to the influence of confounders.

The observations above confirm that CATDM can effectively remove
biases from both normal and out-of-distribution data, obtaining causal
representations of the text. The front-door adjustment effectively mit-
igates the spurious correlations introduced by confounders, thereby
enhancing the robustness and efficacy of the model.

The effectiveness of CCoAt. To verify the role of the counterfactual
cross-modal attention module, we remove the counterfactual attention
module for the fusion of text and vision (denoted as CCoAt,,), the coun-
terfactual attention module for the fusion of text and audio (denoted
as CCoAt,,), and remove all counterfactual attention modules (denoted
as CCoAt), respectively. To further explore the role of counterfactual
strategies in cross-modal counterfactual attention, we have built three
suboptimal variants based on retaining the corresponding modules. For
instance, CCoAti denotes the variant that retains the structure of the
text-audio branch, but rather than sampling attention scores from a
counterfactual distribution, they are directly optimized from the loss
function.

Under normal settings, when all counterfactual modules are re-
moved, the accuracy decreases the most. Specifically, ACC-2 decreases
by 3.21% on CMU-MOSI, 1.59% on CMU-MOSEI, and 3.02% on UR-
FUNNY. This suggests that counterfactual modules can enhance cross-
modal attention learning, improving modal fusion and model accuracy.
Furthermore, on the CMU-MOSI and UR-FUNNY datasets, removing
the text-audio CCoAt module leads to a more pronounced decrease
in model accuracy than removing the text-vision CCoAt module. Con-
versely, the opposite trend is observed in the CMU-MOSEI dataset. This
disparity suggests that different datasets harbor distinct sentimental
cues, influencing the modality fusion of CoAt and the contextual filter-
ing of CCoAt. By comparing the performance of CCoAt,, and CCoAt?,
CCoAt,, and CCoAtS, CCoAt and CCoAtS across the three datasets,
it can be observed that even without sampling, i.e., by optimizing
directly through the loss function, the corresponding branches can also
enhance the model’s performance. The reason is that, without sampling
from the counterfactual distribution, the corresponding branches will
explore contexts that hinder the stable prediction of CoAt according
to the loss function, thus serving the same purpose of uncovering
unstable contexts. However, comparing the complete model reveals
that these suboptimal models do not perform as well as the full AtCAF.
This is because the counterfactual strategy endows CCoAt with a prior
distribution, which enhances CCoAt’s ability to mine unstable contexts.
Moreover, the more branches in CCoAt that employ counterfactual
strategies, the better the model’s performance improvement, confirm-
ing the effectiveness of counterfactual strategies. The performance
of the two variants when a single-branch counterfactual strategy is
removed is also influenced by the properties of the data.
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The ablation studies on the CMU-MOSI, CMU-MOSEI, and UR-FUNNY datasets. The terms ‘w/o CATDM’, ‘w/0 CCoAt’, and ‘w/o ALL’ represent the removal of the CATDM module,
all CCoAt modules, including the text-audio branch and the text-vision branch, and both the CATDM and CCoAt modules, respectively. ‘w/o CATDM,,;,” indicates not using k-means
to initialize the global dictionary. The terms ‘w/o CCoAt,,” and ‘w/0 CCoAt,,’ denote the removal of the text-audio counterfactual learning branch or the text-vision counterfactual
learning branch within CCoAt. ‘w/0 CCoAtS’, ‘w/0 CCoAtS’, ‘w/o CCoAt*” indicate that we have retained the corresponding part of the model architecture, but have not employed
any counterfactual strategy. Instead, it learns directly from the loss function. It can be considered a suboptimal variant compared to the complete component removal.

Models CMU-MOSI CMU-MOSEI UR-FUNNY
MAE| Corrt ACC-71 ACC-27 F11 MAE| Corrt ACC-71 ACC-21 F11 ACC-2t
AtCAF 0.650 0.831 46.50 87.03/88.57 86.96/88.53 0.508 0.785 55.85 86.03/86.98 86.04/86.78 72.13
w/o CATDM 0.681 0.820 46.65 84.55/87.04 84.41/86.98 0.528 0.774 53.96 85.30/86.41 85.39/86.25 69.52
w/o CATDM,,;, 0.669 0.821 46.50 85.42/87.04 85.40/87.06 0.525 0.773 53.10 86.11/86.74 86.11/86.53 70.22
w/0 CCoAt,, 0.694 0.815 46.50 84.11/85.98 84.04/85.96 0.520 0.784 54.60 85.02/86.57 85.10/86.38 69.72
w/0 CCOAtf‘; 0.675 0.819 46.21 85.13/87.50 85.02/87.46 0.517 0.777 54.95 85.23/86.54 85.39/86.44 71.03
w/0 CCoAt,, 0.700 0.820 45.63 84.40/86.74 84.20/86.62 0.518 0.774 54.88 84.95/86.46 85.07/86.30 71.23
w/0 CCOAtISU 0.697 0.819 46.65 84.84/86.42 84.81/86.44 0.520 0.784 53.72 85.40/86.49 85.47/86.31 71.33
w/0 CCoAt 0.661 0.824 46.50 83.82/85.67 83.78/85.68 0.529 0.765 54.99 84.44/86.79 84.70/86.71 69.11
w/0 CCoAt® 0.686 0.807 47.08 84.69/86.43 84.66/86.44 0.518 0.772 54.78 85.90/85.80 85.67/85.40 70.52
w/o ALL 0.697 0.813 44.90 83.53/86.13 83.36/86.05 0.523 0.777 54.07 83.77/86.27 84.06/86.19 69.11
Table 6 Table 7
The ablation studies on the out-of-distribution datasets CMU-MOSEI* and CMU- Sensitive analysis of y.
MOSEI**. The model variant labels are consistent with those in Table 5. v CMU-MOSI CMU-MOSEI
Models CMU-MOSEI* CMU-MOSEI** MAEL ACC21 MAEL ACC2]
Acc-2t Fit ACC71 0.1 0.718 85.28/86.89 0.508 86.03/86.98
AtCAF 78.60/80.62 78.59/80.60 50.13 0.2 0.669 84.99/86.13 0.526 86.13/86.82
w/0 GATDM 77.14/76.02 76.78/75.80 48.18 04 0.650 87.03/88.57 0.524 85.49/85.61
w/o CATDM,,, 77.67/77.73 77.43/77.59 48.59 08 0.718 84.40/87.04 0518 85.81/86.38
w/0 CCoAt,, 76.85/76.33 76.65/76.22 48.69
w/o CCOALS, 77.08/78.36 77.17/78.39 48.90 Table 8
w/o CCoAt,; 77.61/76.88 77.26/76.66 47.83 Sensitive analysis of the number of transformer blocks in CATDM.
w/0 CCoAt,, 78.37/76.88 77.93/76.62 49.72
w/0 CCoAt 75.86/75.08 75.56/74.88 47.16 Learpu CMU-MOSI CMU-MOSEI
w/0 CCoAtS 77.14/76.80 76.89/76.64 48.66 MAE] ACC-21 MAE| ACC-21
w/o ALL 74.40/75.31 74.41/75.29 47.01 1 0.707 85.57/87.80 0.544 85.81/85.17
3 0.650 87.03/88.57 0.508 86.03/86.98
6 0.696 85.28/87.50 0.527 84.35/86.52
9 0.677 85.28/86.74 0.531 86.07/86.35

On the out-of-distribution dataset, the conclusions are consistent
with those in normal settings: when CCoAt is completely removed, the
model’s performance in both binary and seven-category classification
is the worst. Even without counterfactual strategies, specific branches
can learn to filter contexts through the loss function. However, their
performance is still not as good as that of models with counterfactual
prior distributions.

In summary, the analysis underscores the importance of the CCoAt
module in efficiently filtering multimodal contexts and guiding CoAt to
aggregate sentimental information effectively for fusion under normal
and OOD settings. Furthermore, employing counterfactual strategies
in CCoAt enhances its ability to capture unstable contexts, thereby
improving the model’s performance. Additionally, compared to the
normal setting, removing specific components on OOD data leads to
a more pronounced decrease in accuracy, especially in discriminating
positive/negative sentiments. This indicates that CATDM and CCoAt are
particularly important for sentiment analysis on OOD data.

4.7. Sensitivity and quantitative analysis

In this section, we conduct sensitivity analyses of hyperparameters
and a quantitative analysis of the properties of different types of
counterfactual attention.

We analyze the impact of the hyperparameter y on the model’s
performance. y reflects the guidance strength of the CCoAt module on
the CoAt module. The results are presented in Table 7. We find that the
optimal y is 0.4 on the CMU-MOSI dataset, while on the CMU-MOSEI
dataset, it is 0.1. This indicates that the y plays a role in balancing
the guidance strength and label supervision, and the guiding strength
of CCoAt needs to be appropriately adjusted based on the differences
in datasets. Moreover, these findings underscore the indispensability
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of the CCoAt module in modulating the guidance strength effectively,
thereby enhancing model performance across diverse datasets.

We conduct a sensitivity analysis on the number of transformer
blocks in CATDM, as depicted in Table 8. Notably, we observe a
close correlation between our model’s performance and the number
of layers in CATDM. Interestingly, our model achieves optimal perfor-
mance on both datasets when the number of layers is set to 3. Upon
further examination, we deduce that the number of layers in CATDM
influences the incorporation of global information into the modality
fusion process. As the number of layers increases, more extensive
global information is introduced. While this can enhance the model’s
ability to mitigate spurious correlations by appropriately incorporat-
ing cross-sample knowledge, excessive intra-sample and cross-sample
information integration during modality fusion can lead to decreased
accuracy. This finding underscores the delicate balance required in
modality fusion. Appropriately incorporating cross-sample knowledge
can facilitate the acquisition of better unimodal representations for
fusion. However, excessive integration of such knowledge may burden
the modality fusion process, ultimately diminishing accuracy.

Additionally, we conduct a sensitivity analysis on the number of
layers in the CCoAt module, as depicted in Table 9. Our findings reveal
that employing two layers of Transformer blocks to model counterfac-
tual attention yields optimal results on both datasets. Moreover, we
observe a significant decrease in model efficacy when the number of
layers in CCoAt exceeds an optimal threshold. This decline in perfor-
mance can be attributed to the instability introduced in the output of
CCoAt (y, f) due to incremental layers of counterfactual intervention.
Consequently, CoAt encounters challenges in effectively filtering modal
fusion clues based on the information provided by CCoAt, resulting in
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Table 9
Sensitive analysis of the number of transformer blocks in CCoAt.
Lecon CMU-MOSI CMU-MOSEI
MAE/| ACC-21 MAE/| ACC-21
1 0.712 84.26/86.59 0.521 85.04/86.68
2 0.650 87.03/88.57 0.508 86.03/86.98
4 0.684 84.69/87.20 0.523 83.97/85.86
8 0.694 84.55/85.98 0.531 85.53/85.86
Table 10
Quantitative analysis of different types of attention in CCoAt.
Type CMU-MOSI CMU-MOSEI
MAE| ACC-2t MAE| ACC-2t
Uniform 0.650 87.03/88.57 0.530 85.34/85.69
Reversed 0.689 84.26/86.43 0.508 86.03/86.98
Shuffle 0.676 85.13/86.74 0.527 85.73/85.88
Random 0.718 85.28/86.89 0.519 84.85/86.27

diminished accuracy. In summary, the optimal deployment of counter-
factual cross-modal attention aids in enhancing the processing of causal
clues within cross-modal attention mechanisms.

We perform a quantitative analysis of various counterfactual at-
tention mechanisms, as presented in Table 10. Our observations re-
veal that different counterfactual attention mechanisms exhibit distinct
performances across datasets. Specifically, uniform attention demon-
strates superior results on the CMU-MOSI dataset, whereas reversed
attention outperforms others on the CMU-MOSEI dataset. This discrep-
ancy underscores the notion that different datasets may necessitate
utilizing specific types of counterfactual attention to guide CoAt effec-
tively. These findings reaffirm the role of counterfactual attention in
facilitating CoAt’s acquisition of causality-aware sentimental clues.

Finally, we analyze the relationship between the global dictionary
size N and the performance of AtCAF as illustrated in Fig. 6. The x-axis
represents the dictionary size, and the y-axis represents the F1-score. On
both datasets, optimal performance is achieved with a dictionary size
of 200. The fusion effects are related to the fusion ratio of in-sample
and cross-sample knowledge selections. Our experiments demonstrate
that achieving an appropriate fusion of in-sample and cross-sample
knowledge selections leads to optimal results.

4.8. Visualization

To further illustrate how CATDM and CCoAt enhance the modal
fusion, we visualize the fusion results for four different models on the
CMU-MOSI testing set in Fig. 7. In addition, we have visualized the
results on the CMU-MOSEI* testing set under the OOD setting in Fig. 8.
Specifically, we visualize the base model without CATDM and CCoAt in
Figs. 7(a) and 8(a), the model with only CATDM in Figs. 7(b) and 8(b),
the model with only CCoAt in Figs. 7(c) and 8(c), and the complete
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AtCAF model that includes both CATDM and CCoAt in Fig. 7(d) and
Fig. 8(d).

Under the normal setting in Fig. 7, the base model emulates the
traditional MSA model that is susceptible to multimodal noise and
spurious correlations. Consequently, samples of the same class are
segregated into distinct clusters, exerting pressure on the final output
layer. Many samples are labeled as positive, but their representa-
tions in the embedding space are in the cluster of negative samples.
Spurious correlations significantly influence the misclassified samples,
and CATDM addresses this issue by adjusting the front door. Never-
theless, the boundaries between positive and negative samples could
be further refined. The border areas exhibit a mixture of positive,
negative, and neutral sentiments, indicating instability in their senti-
mental clues during fusion. In contrast, employing only CCoAt yields
performance similar to the base model, suggesting bias in its fusion
due to the presence of the back door. The complete AtCAF model
harnesses causality-aware modal fusion, resulting in clearer boundaries
between positive and negative samples compared with the CATDM-
Only model, with the accurate distribution of neutral sentiments along
this boundary.

Under the OOD setting in Fig. 8, we find that although the base
model roughly divided the samples into two clusters, there are two
issues: 1. Samples belonging to the same class do not tightly aggregate
together. 2. There is a significant mixture of samples from both classes
at the geometric center of the embedding space. The first issue stems
from the OOD setting, where the distribution of text across differ-
ent categories is more uneven, and many samples, due to spurious
correlations, are misclassified into another cluster, leading to a lack
of tight aggregation within specific clusters. The second issue arises
when the model is unable to extract sufficient sentimental cues from
multimodal information to discern the samples; influenced by empirical
risk minimization, it tends to predict a more neutral sentiment, which
manifests as a convergence of a large number of samples from different
classes at the geometric center of the embedding space. CATDM has
alleviated the first issue by using a front door adjustment to reclassify
misclassified samples due to spurious correlations, resulting in tighter
intra-cluster cohesion. However, the overlap between different clusters
is still significant, indicating that sentimental cues are still not easily
discernible. The CCoAt module, by employing context filtering, has
uncovered sentimental cues that were previously difficult to extract,
reducing the number of samples located at the geometric centers of dif-
ferent embedding spaces, thus alleviating the second issue. In addition,
we find that the counterfactual reasoning of CCoAt can also make the
center of different clusters more tightly packed, thereby improving the
accuracy of predictions. However, there are still many discrete points
in the feature space. By combining CATDM and CCoAt, we successfully
alleviated issues one and two. On one hand, the distribution of samples
in different clusters has become more compact. On the other hand, the
number of uncertain samples in the center of the feature space has been
significantly reduced.
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Fig. 7. Visualization of multimodal fusion results in the embedded space using t-SNE. The blue circles represent positive samples, the red squares represent negative samples, and

the green denotes neutral samples.
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Fig. 8. Visualization of multimodal fusion results in the embedded space using t-SNE on CMU-MOSEI* under the OOD setting. The light blue circles represent non-negative samples,

and the red squares represent negative samples.

In summary, CATDM optimizes the multimodal representations of
misclassified samples due to spurious correlations through the front
door adjustment, making the distances within clusters more tightly
packed. CCoAt, through counterfactual reasoning of the sentimental
cues in the context, corrects the classification of samples located at
the geometric center of the embedding space, which is challenging
to discern in terms of sentimental information, significantly reducing
the number of samples at the cluster boundary areas. Moreover, when
combining CATDM and CCoAt, they both play their respective roles
effectively, learning optimal multimodal representations in both normal
and OOD settings. In real-world scenarios, multimodal data imbalance
is widespread, particularly evident in the form of imbalanced data
labels and the challenge of semantic extraction from samples. The
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aforementioned experiments demonstrate AtCAF’s flexibility, sustain-
ing performance under both normal and OOD settings and making it
suitable for fields such as sentiment analysis in social media posts, opin-
ion mining in customer reviews, and emotion recognition in multimedia
content.

4.9. Case study

To better analyze the role of AtCAF in capturing causal clues in
multimodal sentiment analysis, we randomly selected two test samples
from CMU-MOSEI for the case study. Furthermore, we compare with
MMIM [12] as a normal multimodal sentiment analysis model for
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Fig. 9. Two samples from the CMU-MOSEI test set and the comparison of AtCAF and the baseline (i.e. MMIM [12]). The bar charts show the proportion of tokens in the training
set that are distributed among positive/negative categories(based on the BERT tokenizer). The lower part of the image displays the visualization of attention weights for each head
in the second-to-last layer of BERT [56-58], which reflects the attention that each token pays to the classification head [CLS]. We perform min-max normalization for each head
to enhance the distinctiveness of different tokens, with darker colors indicating greater attention.

further exploration. To further reveal the model’s mechanism for alle-
viating spurious correlation, we provide visualizations of the attention
weights for each head in the second-to-last layer of the text encoder
for different models [56-58]. “Base” refers to the basic model without
CATDM and CCoAt, “Base+CATDM” indicates the variant with CATDM
added to the basic model, “Base+CCoAt” indicates the variant with
CCoAt added to the basic model, and “AtCAF” represents the complete
model.

In Fig. 9(a), MMIM erroneously classifies the sample as “posi-
tive” due to the presence of tokens leaning towards positive sentiment
in the training set, such as “your”, “going”, “that”, and “to”. The
model adheres to the maximum likelihood principle, wherein even non-
sentimental clue tokens contribute to the prediction. However, relying
solely on maximum likelihood without considering context hampers
the utilization of other clues from different modalities. AtCAF inte-
grates causal inference methods to mitigate the influence of spurious
correlations, enabling accurate predictions. Thus, AtCAF discerns the
narrator’s emphatic tone and affirmative expression when processing
“not that good”, affirming that “not good” is the central viewpoint
of this video clip. Through the attention maps, we can observe that
both the “Base” and “Base+CCoAt” models tend to focus on spurious
correlations even with the guidance of other modalities, while the
“Base+CATDM” variant mitigates this issue but some attention heads
still struggle to focus on the key words of the text. By combining
CATDM and CCoAt, the complete “AtCAF” model not only alleviates
spurious correlations but also encourages different attention heads to be
more focused on representing key words from different views, leading
to more consistent sentimental judgments. Different modules work as
expected when processing biased inputs.

In Fig. 9(b), the complex text contains numerous tokens associated
with negativity from the training set, including both non-sentimental
clue tokens like “devil”, “don”, “lie”, and “t”, and sentimental tokens
such as “boring” and “miserable”. Like many multimodal sentiment
analysis models, MMIM misclassifies sentiment polarity due to its over
reliance on the text and misinterpreting the smile in the visual as
numbness. In contrast, AtCAF discerns the calm tone of the speaker,
the determined gaze, and the confident smile. Leveraging multimodal
sentimental clues, AtCAF accurately interprets the text as expressing
optimism and positivity. Furthermore, through attention visualization,
case 2 confirms the conclusions we reached about the debiasing mecha-
nism in case 1, where CATDM calibrates attention to the key words for
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Table 11
Comparison of the parameter count and FLOPs between the SOTA methods and
AtCAF.

Methods Params/M FLOPs/G MOSI-ACC2 MOSI-F1
MAG-BERT 86.870 4.312 —-/83.5 -/83.5
TETEFN 86.612 4.298 84.05/86.10 83.83/86.07
AOBERT 344.567 66.934 85.2/85.6 85.4/86.4
AtCAF 86.233 4.296 87.03/88.57 86.96/88.53

sentimental analysis, and CCoAt promotes the attention concentration
of key words across different attention heads. In both cases, AtCAF
produces the best text representation results.

As is widely known, smiles do not always indicate happiness, and
sadness does not always result in tears. These emotions are expressed
to varying degrees within multimodal sentimental clues. The method
of aggregating information can significantly impact the interpretation
of sentiment, even for identical text, speech, and video inputs. The
aforementioned analysis underscores AtCAF’s ability to discern effec-
tive information within multimodal contexts, thereby achieving robust
tracing of sentimental causality-aware capability lacking in traditional
multimodal sentiment analysis models.

4.10. Model complexity

To further analyze the improvements in AtCAF beyond accuracy,
we compare its parameters and FLOPs with those of three other SOTA
methods, as shown in Table 11. It is worth mentioning that AtCAF
significantly outperforms all the sota methods in accuracy and has
a smaller model complexity. The results demonstrate that our model
significantly outperforms other baselines on the CMU-MOSI dataset,
even with a relatively smaller parameter count and computational load.
Specifically, it exceeds MAG-BERT [25] and TETFN [7] by an average
of 2.8% when compared with models of similar computational volume,
and it surpasses the more complex AOBERT [13] by an average of 2.1%.
This confirms that our proposed AtCAF balances accuracy and model
complexity, which is suitable for practical applications.

5. Conclusion

We introduce the Attention-based Causality-Aware Fusion network
(AtCAF) for multimodal sentiment analysis. Our model consists of
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two core modules: CATDM, which is used to capture causality-aware
text representations to eliminate spurious correlations in the dataset,
and CCoAt, which is used to filter out irrelevant contexts. AtCAF has
achieved state-of-the-art results on public datasets in both normal and
out-of-distribution settings. AtCAF is the first work to discover causal
relationships for both unimodal representation and multimodal fusion
and construct a complete causal effect chain to fully convey the causal
path from user input and model prediction. AtCAF demonstrates strong
adaptability to the widespread issues of imbalanced data and complex
contexts in the real world, ensuring fairer and more substantiated out-
comes in sensitive application scenarios such as social media analytics,
e-commerce analytics, mental health assessment, etc. Future research
can explore multimodal sentiment analysis from an interpretability
perspective derived from causal inference. Additionally, there is poten-
tial for designing lighter-weight models grounded in causal inference
principles.
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