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ABSTRACT: Multi-modal information fusion integrates data from various sensors, distinct sources, or different
modalities, such as audio, images, and text, to achieve a more comprehensive and accurate understanding and analysis.
This paper proposes a Semi-Tensor Product-based Block Term Decomposition of Multilinear (STP-BTDM) pooling
method and applies it to sentiment analysis and emotion recognition. Unlike prior factorized multilinear approaches,
STP-BTDM introduces block-term decomposition with a block-diagonal core tensor, yielding a globally sparse yet
locally dense structure and enabling modality-specific independent subspace learning. The technique first introduces
the Semi-Tensor Product-based Block Term Decomposition (STP-BTD) model to obtain globally sparse and locally
dense weight tensors. Subsequently, by combining the multilinear pooling model, the STP-BTDM method is presented.
This approach allows each modality to be controlled by only one block of the block-diagonal core, with different blocks
being independent during training. The model can represent full multilinear interactions in a computationally efficient
manner. Moreover, the introduction of sparsity constraints in the core tensor of STP-BTDM enhances the generalization
performance of multilinear pooling. The resulting locally dense yet globally sparse characteristics make the model
highly flexible. Finally, our experiments with the STP-BTDM method on the CMU-MOSI dataset for sentiment analysis
and the IEMOCAP dataset for emotion recognition demonstrate its superior performance and effectiveness across
both tasks.

KEYWORDS: Semi-tensor product; block term decomposition; multilinear pooling; multi-modal information fusion

1 Introduction

Multi-modal information fusion refers to the integration of data from multiple modalities to facili-
tate more accurate and comprehensive predictive outcomes [1]. Compared to using only single-modality
information, multimodal fusion can effectively integrate complementary data from different modalities,
thus improving the performance of classification or prediction tasks. Recent studies have demonstrated
the benefits of multi-modal fusion across a variety of fields, such as multi-modal speech recognition [2,3],
sentiment analysis [4-6], and medical diagnosis. These studies highlight that integrating information
from different modalities significantly contributes to increased accuracy and robustness. However, current
multimodal fusion methods still face several challenges, particularly in handling issues such as modality
heterogeneity, dimensional inconsistency, and computational complexity.
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Traditional fusion methods for multi-modal data typically fall into three broad categories: feature-
level fusion, decision-level fusion, and hybrid fusion [7]. While these approaches have shown success in
many tasks, they also have limitations. For example, feature-level fusion methods often require matching
features from different modalities into a common dimensional space, which may result in information loss
or computational difficulties when there are significant modality differences. Decision-level fusion relies
on combining the results of independent classifiers for each modality, which may fail to capture deeper
interactions between modalities. Hybrid approaches attempt to combine the strengths of both feature-level
and decision-level fusion, but they often involve higher computational costs and more complex parameter
tuning during training.

In recent years, researchers have begun exploring the application of the Semi-Tensor Product (STP)
of matrices in multi-modal fusion. The STP [1] is an innovative matrix multiplication method that extends
traditional matrix multiplication beyond the requirement of equal row and column dimensions while
preserving the essential properties of multiplication. STP provides a more flexible framework for handling
multi-modal data, enabling effective interaction between features from different modalities in higher-
dimensional spaces and alleviating problems related to dimensional matching and computational efficiency.
As aresult, STP has garnered significant interest in various fields, including control theory, engineering, and
signal processing [8-10].

Despite the success of STP in theoretical and certain applied domains, its application to multimodal
sentiment analysis (MSA) tasks remains underexplored. In sentiment analysis, we often need to handle multi-
modal data that is inherently heterogeneous and high-dimensional, such as text, speech, and image data.
One of the key challenges in this domain is how to efficiently fuse information from these diverse modalities
while maintaining computational feasibility. Existing multi-modal sentiment analysis methods often fail to
capture deep interactions between modalities or rely on simple aggregation techniques like weighted averages
or concatenation, which do not fully exploit the potential correlations between different data sources.

To address these challenges, this paper proposes a Semi-Tensor Product-based Block Term Decompo-
sition of Multilinear (STP-BTDM) pooling method. By introducing STP, we can establish flexible and strong
connections between feature spaces of different modalities, thus enabling more effective integration of het-
erogeneous information while avoiding issues of dimensionality and computational complexity. Compared
to traditional fusion methods, STP offers advantages in handling modality inconsistencies and providing a
computationally efficient solution. Additionally, by using Block Term Decomposition of Multilinear pooling
(BTDM), the model is further optimized to reduce parameter complexity and accelerate training, making it
suitable for large-scale datasets.

The contributions of this paper are as follows:

1. We introduce a Semi-Tensor Product-based Block Term Decomposition (STP-BTD) method to obtain
globally sparse and locally dense weight tensors, effectively controlling the model’s parameter scale.

2. 'We combine the multilinear pooling model to propose the STP-BTDM method. This method uses sparse
and trainable block-diagonal core tensors for multi-modal information fusion, where each modality is
independently controlled by a segment of the block-diagonal core during training. The model captures
full multilinear interactions while remaining computationally efficient.

3. Weevaluate the proposed approach on two benchmark datasets: CMU-MOSI for sentiment analysis and
IEMOCAP for emotion recognition. Experimental results show that our method achieves competitive
performance against state-of-the-art tensor-based baselines on both tasks, while demonstrating superior
parameter efficiency and structural interpretability.
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Beyond the contributions listed above, it is important to highlight the fundamental differences between
STP-BTDM and its most relevant predecessor, STP-MFM [11], as well as other tensor-based fusion methods.
First, STP-MFM adopts a factorized multilinear pooling paradigm that decomposes the weight tensor
into a sum of low-rank factors, whereas STP-BTDM introduces block-term decomposition (BTD) with a
block-diagonal core tensor, yielding a globally sparse yet locally dense weight structure that is absent in STP-
MFM. Second, STP-BTDM assigns each modality to a distinct block of the block-diagonal core, allowing
different blocks to be trained independently; this provides explicit modality-specific subspace modeling,
while STP-MFM uses shared factor matrices for all modalities. Third, STP-BTDM explicitly decomposes
the multilinear space into multiple subspaces, each governed by a tensor block G;, enabling fine-grained
third-order interactions in different feature subspaces—a capability not oftered by STP-MFM or conventional
low-rank fusion methods. These distinctions make STP-BTDM a fundamentally new approach for efficient
and expressive multimodal fusion, rather than a mere incremental extension of prior work.

By addressing these challenges, this study offers a novel methodology for multi-modal sentiment
analysis, filling a gap in the application of STP in this domain. It provides new insights for future multi-modal
fusion research.

2 Related Works

Over the past two decades, artificial intelligence researchers have made significant progress in mul-
timodal emotion analysis and sentiment recognition. In many studies, these two tasks have been closely
interconnected. To address early challenges, Picard [12] introduced the concept of affective computing in
1999 and conducted pioneering studies in this area. In the same year, Duc et al. [13] proposed the concept
of “multi-modal” systems and employed Bayesian statistical methods for analysis and recognition. In 2006,
Ross et al. [14] published the “Handbook of Multibiometrics,” which elaborated on multimodal recognition
theory, enabling automatic computation and analysis of multi-source information and integrating various
data for decision-making. A 2015 survey on multimodal emotion analysis [15] reported that multimodal
systems consistently outperformed their best unimodal counterparts by 9.83% on average, with 85% of the
systems demonstrating superior accuracy.

Subsequently, researchers have made substantial advancements in multimodal emotion analysis and
sentiment recognition, categorizing the integration methods into three traditional types: feature-level,
decision-level, and hybrid multimodal fusion [7].

Feature-level fusion integrates features extracted from various modalities and feeds them into emotion
or sentiment classifiers. Wang et al. [16] used a combination of visual and auditory bimodal features for
feature fusion. Kansizoglou et al. [17] employed a Deep Neural Network (DNN) to merge image and audio
features. Nguyen et al. [18] proposed a novel feature-level fusion approach based on bilinear pooling theory
to combine visual and audio feature vectors. Gkoumas et al. [19] incorporated different modalities at each
time step into a single feature vector, which was then used as input to Long Short-Term Memory (LSTM)
networks; this is known as the Early Fusion LSTM (EF-LSTM) model.

In decision-level fusion, separate classifiers are trained for each modality (e.g., video and audio) for
emotion or sentiment classification, and their outputs are combined to obtain a final emotion or sentiment
estimate. For instance, Deep Fusion (DF) trains a deep neural model per modality and applies decision voting
on the outputs of each modality network.

Hybrid multimodal fusion methods combine feature-level and decision-level fusion. Han and
Wang [20] fused speech signal features with facial expression features, then obtained a classifier using a BP
neural network; finally, the consensus result was derived using a majority voting rule. Experiments show that
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this approach effectively leverages the advantages of both decision-level and feature-level fusion, improving
emotion recognition accuracy and making the fusion process more akin to human emotion recognition.

To explore relationships between modalities, many researchers have focused on using tensor product
representations to capture rich dynamic interactions both within and across modalities. Such efforts aim to
enhance fusion performance. Tensor-based methods have been widely adopted for multimodal fusion. For
instance, low-rank tensor approximation techniques have been employed to achieve efficient representations
that accurately capture correlations in multimodal data [21]. Similarly, Liu et al. [22] introduced Low-rank
Multimodal Fusion (LMF), which constructs tensor representations from multimodal data and employs
low-rank tensor approximation to capture true correlations and underlying structures in an efficient
manner, enabling effective multimodal integration without sacrificing performance. Typically, these methods
generate a high-dimensional tensor via tensor products of multiple modalities, leading to explosive growth in
feature dimensions and higher training costs. Moreover, excessively long feature vectors risk causing a param-
eter explosion. Fen et al. [11] proposed a pooling method called Semi-Tensor Product-based Multi-modal
Factorized Multilinear (STP-MFM). This approach reduces the number of parameters and computation time,
thereby accelerating model training. The introduction of the semi-tensor product eliminates the dimension
consistency constraint in matrix multiplication, allowing factors of different dimensions to be connected
and resulting in a more concise structure with reduced memory usage, improved training speed, and lower
model complexity.

Recently, transformer-based and graph-based approaches have been widely explored for multimodal
sentiment analysis. For instance, Zhao et al. [23] proposed efficient transformer architectures for multimodal
emotion recognition, while Sun et al. [24] introduced graph neural networks to capture complex cross-
modal interactions. Recent advances also include cross-modal contrastive learning strategies, which further
enhance representation learning by aligning multimodal embeddings in a shared space [25]. These advances
demonstrate the growing diversity of multimodal fusion techniques. Furthermore, several studies have
compared different fusion strategies, such as Liu et al. [26] and Schoneveld et al. [27]. Zhou et al. [28] explored
adaptive factorized bilinear pooling, and Zheng et al. [29] proposed a semi-supervised interaction network.
A comprehensive survey by Baltrusaitis et al. [30] provides a taxonomy of multimodal machine learning.

3 Notations and Preliminaries

This section presents essential background on STP [8,31,32] and the pertinent tensor theory, forming
the foundation of the proposed method. Variable Description is shown in Table 1.

Table 1: Variable description table.

Variable Description

R Real number space
> Summation operation
Xk Left semi-tensor n-mode product

T e Rixbx..xIy N-order tensor

G e RJJ2xxIn Core tensor
g i-th block of G

o' i-th block of U™

X Matrix
= Defined as
X Semi-tensor product

(Continued)
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Table 1 (continued)

Variable Description
X, Semi-tensor n-mode product
® Kronecker product (tensor product)
U™ e R Factor matrix
Xy n-mode product of a tensor
Xisiy, - ix Element of the tensor
Xisig, o sty ety * iy n-mode fiber of the tensor
g -+ iN Multi-dimensional index notation
Row;(X) i-th row vector of matrix X
Col;(W) i-th column vector of matrix W
T Left semi-tensor n-mode product of the tensor

Definition 1 (Kronecker product): Given two tensors X € Ri*2%Iv gnd y e RIJ2xIN | their Kronecker
product yields a new tensor Z € RIVRlxxINIx " defined as

ST g = Kz inYjujn e )

This operation is denoted as Z = X ® ).

Definition 2 (Left semi-tensor product): For two matrices A € R™*" and B € RP*4, let t = lem(n, p) be the
least common multiple of n and p. The left semi-tensor product, denoted by x, is defined as

AxB=(A®1,,)(Boly,), 2)

where A x B € ROm1/m)>x(t/pa) g js the Kronecker product, and 1,/,, 1,;,, are identity matrices.

Example I:
1 -1 2 1 0
A‘[o 1 o]’ B_[l 1]'
lem(3,2) = 6.
1 2 -1 0 2 0
-11 2 -1 0 2
AKB—(A@Iz)(B®I3)— 0 0 1 0 0 0
1 0 0 1 0O

Based on the general definition, the dimensional relationship between A and B can be categorized into
three cases:

(i) Ifn = p, then A and B have an equal dimensional relationship.
(ii) Ifn=tpornt = pforsomet € Z., then A and B have a multiple dimensional relationship. When n = tp,
we write A >, B; when nt = p, we write A <; B.
(iii) Otherwise, A and B have an arbitrary dimensional relationship.
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Definition 3 (Semi-tensor product of vectors): (i) Let X € R'? be a row vector and Y € R? be a column
vector (i.e., X >; Y). Partition X into p equal parts: X = (X',...,XP) withX' e R, i = 1,..., p. Define

ro
XxY:=) X'y eR". (3)

i=1

(i) LetX € R" be a row vector and Y € R™ be a column vector (i.e., X <; Y). Partition Y into n equal parts:
Y eR', i=1,...,n. Define

n
XxY:= Zx,-Y’ eR". (4)
i=1

(iii) For matrices A € R™" and B € RP*1 with A >; B (or A <, B), the semi-tensor product is defined
entrywise as

Row;(A) x Coli(B) --- Row;(A) x Col,(B)
AxB < Row;(A) :r>< Col;(B) - Rowy(A) :r>< Col,(B) . 5)
Rowm(A).rx Col;(B) --- Rowy, (A).>< Col,(B)

Definition 4 (Tensor n-mode multiplication): Given a tensor X € RI12*"""*IN and g matrix A e R,
the n-mode product of X with A produces a new tensor Y € Rl *In-xKxliex=xIn dofiped by

Vitrsimotsksinstromin = 2y Kityooinyoooing By (6)

This operation is denoted as Y = X x,, A. A tensor diagram of n-mode multiplication is shown in Fig. 1.

1 1,
IZ\KIN — I, d )gl“'ln—llnﬂ“'lzv
.In ln;1 I

Figure 1: Tensor diagram of tensor #n-mode multiplication.

Definition 5 (Tucker decomposition): Given a tensor X € RI*12*"""*Iv " the Tycker decomposition fac-
torizes it into a core tensor G € RIJ2"" >IN (with ], <1,, 1< n < N) and N factor matrices U,, € RI»*/n;

X =G x U x, Uy x5y Up. )
Here, x,, denotes the n-mode product, and (J1, ], ..., Jn) is called the multilinear rank of the tensor.

4 Methodology Introduction

In this section, we first outline the framework of the proposed model, then present the Semi-Tensor
Product-based Block Term Decomposition (STP-BTD). Finally, by incorporating multimodal multilinear
pooling, we introduce the Semi-Tensor Product-based Block Term Decomposition of Multilinear (STP-
BTDM) pooling method.

4.1 Model Structure

Fig. 2 illustrates the overall architecture of the STP-BTDM method. The vectors x; € R"t, x, € R%2,
and x; € R"* are obtained by processing unimodal inputs (e.g., text, video, and audio) through their
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corresponding sub-networks fj, f,, and f,, respectively. These modalities are then fused using the proposed
STP-BTDM pooling method to produce an output representation y for downstream prediction tasks. The
detailed procedure within the dashed box in the figure is described in the following subsections.
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Figure 2: The model structure of STP-BTDM method.

4.2 Block Term Decomposition

Tucker decomposition has been introduced in Section 3 (Notations and Preliminaries). In its standard
form, Tucker decomposition imposes no constraints on the core tensor. However, to ensure high decom-
position accuracy, the core tensor dimensions are typically set to relatively large values, leading to a large
number of parameters. To address this issue, a diagonal block constraint is imposed on the core tensor,
effectively reducing its dimensionality. Lathauwer proposed the Block Term Decomposition (BTD) of a
tensor to minimize the number of parameters and limit model complexity. The BTD can be expressed as

M
TZZQ,- ><1U1(.1) X ng)...xN UgN). (8)
i=1

Unlike standard Tucker decomposition, in BTD the core tensor G € R/*/2%-*/¥ is block-diagonal when
the original tensor 7 € R2*-*Ix yndergoes block-term decomposition, as illustrated by the red box
in Fig. 3 (using a third-order tensor as an example). The core tensor G is partitioned into smaller tensor
blocks, where G; denotes the i-th block of G. Consequently, G can be represented as a block-diagonal tensor:
G = diag(G, ..., Gi,-..,Gn), with M indicating the number of blocks. Correspondingly, the factor matrix
U™ ¢ RIn (n=1,2,...) is also divided into blocks: Ul = [Uf"), .. .,U§"), .. ,Ugv?)], as shown in the
green box in Fig. 3 (again for a third-order tensor). Then the tensor block-term decomposition can be
expressed as Eq. (8).
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Figure 3: Decomposition of block terms of a third-order tensor. The uncolored regions of the core tensor G in the red
box indicate zero entries.

4.3 Block-Term Decomposition Based on Semi-Tensor Product (STP-BTD)

In this subsection, we replace the conventional matrix product with the semi-tensor product and
introduce the STP-Tucker decomposition format. This format offers a more streamlined low-rank tensor
structure by decomposing a tensor into the semi-tensor product of a core tensor and factor matrices along
each mode. It is represented as

(2) (N)

D(Nﬁ , TERhXIzX...XIN) (9)
O

ngAxlﬁ(l) Kzﬁ

where x, denotes the left semi-tensor n-mode product, Q € R/J2%-XIy js the core tensor, and U
In I?l .
R**% (n=12,...,N) are the factor matrices.

Consequently, the left semi-tensor #n-mode product of the core tensor G with a factor matrix fJ(n) is
given by
F_4_ o
T=Gx,U ", (10)

We then apply the STP-Tucker decomposition form to block-term decomposition, yielding the Semi-
Tensor Product-based Block Term Decomposition (STP-BTD). The detailed procedure is as follows. The core
tensor G is divided into smaller tensor blocks, and G itself is block-diagonal:

gA :diag(gAly---)gAb---)gAM)y
where M is the number of blocks. The factor matrices are partitioned accordingly:

o <[00,y

o= [0, 0,00,

~(N) [ (N) L (N) . (N)]
; .

U = Ul ,...,U ""’UM
with

Iy R J2; . IN;
00 e, OP RS, L o erte

i .

Fig. 4 visually illustrates the computation process of STP-BTD. Hence, Eq. (9) can be rewritten as

M. LG L (2 (N
T=%Cx 0" %, 07wy 0. (11)

I
—_
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Figure 4: Visual representation of the STP-BTDM method.

The relationship between the number of blocks and the core tensor dimensions is given by

M M
S L Sk s (12)
i=1 i

t ~ ¢

M=

Il
—

In light of Egs. (11) and (12), each element of the original tensor 7 of order N can be expressed as
a function involving the STP-based core tensor blocks and factor matrices. The core tensor resides in a
significantly smaller space composed of STP block-diagonal tensors, which are not only simple but also
expressive, as they strike a balance between dense and diagonal tensors.

4.4 Multimodal Decomposition Multilinear Pooling Model

The bilinear pooling model takes a pair of vectors x; € R and x, € R as inputs and computes their
interaction via the tensor product, resulting in a projection into a K-dimensional space:

y =T x1X1 X3 Xz, (13)

where y € RX. Each component of y is given by a quadratic expression of the input variables:

L D

=23 Tijk-xi-x),  ke[LK]. (14)

i=1 j=1

Thus, the bilinear pooling model is completely determined by its associated tensor 7~ € R>2*K g (14)
illustrates the advantage of leveraging complex interactions among feature dimensions to capture shared
semantic aspects of multimodal features. We therefore extend bilinear pooling to multilinear pooling to
enhance the expressive power of fused features:

y =T x1X; X2 X5 X3 X3, (15)

where y € RX is the fused feature vector. Here, x, € R"", x, € R™2, and x; € R"* are unimodal input vectors
from three different modalities, which collectively project to a K-dimensional tensor 7~ € RI*2x1xK with
three input modalities, the weight tensor 7 is naturally a fourth-order tensor, where the fourth dimension
corresponds to the output size K. The element-wise expression is:

L L I

V=203 Tijok - xi - x} x5, ke[LK]. (16)

i=1 j=10=1
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In this section, we consider the weight tensor to be of order 4 and apply Tucker decomposition (TD):
T =G x UW 5, UG %, UG x, UM, 17)

where G € R]lezxfsxh’ U(l) c thh’ U(2) c RIzX]Z) U(3) c Rlsxh’ U(4) c RKX]‘*, and x, (n =1,2,3,4) denotes
the n-mode product (also called the modular n product). Eq. (17) indicates that the weight tensor 7 depends
on a finite set of parameters forall i € [I,I;], je [1, 1], k€ [1,I3], 0 € [LK]:

oo 2 I Ja
Tl ko) = 3 32 3298 0[t o, p1 04 Um0k ) 0O o, ). 0s)

[=1 m=1n=1

The weight tensor 7 is parameterized by the Tucker decomposition in Eq. (17), and the multimodal
multilinear pooling method is adopted as:

YZTX1X1X2X2X3X3

= (91 (UD)) x (FUD)) 3 (LUD)) U, "

Let y= ((Q x1 (xJUM)) x, (szU(z))) x3 (x1UP)). The matrices UV, UP), and U® project the
unimodal vectors Xxj, X,, and X3 into spaces of dimensions J;, /, and J3, respectively, which directly affect
the modeling complexity of each modality. Define %, = x/ U e R', %, = x] U® e R%, and %3 = x] U ¢
R’3; their interactions are modeled by the core tensor G. The core tensor learns from all correlations
X)[i]X,[j]X3[k] and projects them onto a vector ¥ of dimension J4, which determines the complexity of
inter-modal interactions. Then y = § x4 U); in other words, the multilinear interaction representation  is
mapped to the K-dimensional output space via U®*). To achieve a K-dimensional output y = [y1,. .., yx],
the tensor 7 must be learned. Unfortunately, 7 has high dimensionality and a large number of parameters,
leading to substantial computational and memory overheads.

4.5 Semi-Tensor Product-Based Block Term Decomposition of Multilinear Pooling (STP-BTDM) Method

In contrast to STP-MFM which relies on low-rank factorized pooling, the proposed STP-BTDM
leverages block-term decomposition under the semi-tensor product framework to achieve a block-diagonal
core tensor, thereby enabling modality-specific subspace learning (where each modality is assigned to an
independent block of the core tensor) and capturing fine-grained multilinear interactions with reduced
parameter complexity.

Based on the decomposition of the weight tensor 7~ discussed above, and noting that the dimensions
A 1 (2) ¢ (3)

of the input vectors x;, X, X3 have multiple relations with the matrices U, 07,07, we apply the semi-
tensor product. We pro;ect the 1nput vectors into the spaces of dimensions i, J,, J3 via U(l) C (2), fJ(S) as
x! x U( ), x] x U( ), and x! ( ), Consequently, Eq. (19) can be rewritten as:

(3)) 2 (4)

y= (¢ (= i )))xz(szKU ) s (x] % U (20)

M (2) ~(3)

Let %, = x! x U e RY, %, =xT x U'Y e R7, and %5 = xT x U € R*. These projected features are
then fused via the semi-tensor product with the block super-diagonal tensor G, which itself is parameterized
in the semi-tensor framework. This process encodes the complete multilinear interactions among x;, x,, and
X3 into an intermediate representation, which is subsequently projected to the output spacey.
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Furthermore, combining Eqs. (11) and (20), the STP-BTDM expression is given by:

M
1 2 3 (4
=35 ((Grm o< 00)) e 7)) (71 087) 61 =
i=1
The tensor g, combines the size ];, : and ]3 blocks from X, X, and X; together to generate a vector of
Q size:
Z; = Gi X )*(T_i _ Xy X1 x5 k1 . (22)

] J; T2 ./s T 3./ I
1;2:(i+1) 3 2;2:(i+1) 2 3;2:(i+1) 2

Here %;.; denotes the sub-vector of % from index i to j— 1 (inclusive), whose dimension is j - i. And
J

finally, all of the vectors z € R are connected to from z;,whichisz = {zy,...,z;}. The final prediction vector
. _ A (4) K
isy=zxU " eR".

In light of Eqgs. (20) and (21), the multilinear space G, is decomposed into several subspaces. The input
audio, video, and text features are projected into each subspace via the corresponding projection matrices
A (1 A (2 A (3
RV
G;. This sparse structure allows the multilinear model to capture distinct third-order interactions in different
subspaces. Algorithm 1 outlines the STP-BTDM procedure.

, and the dimension of the projected features matches the size of the respective tensor block

Algorithm 1: STP-BTDM
Require: vectors x, x3, X3
Ensure: vector y
1: Partition the core tensor: G = diag(é’l, Gy Q’M)

2: Partition the multilinear space factor matrices: o - [
)

3: Input feature projection: x; x U( ), x] x U( ) xI x 1(

4: Compute interaction within block i: ((g, x; (xF x U; ))) X, (xF x U( ))) ;3 (xI x U
5: Aggregate and project:

Mo o], n=1,2,3,4

(3))

M

y= 2 (G (< OP)) w0 (% 0F)) s (o w 07)) s 07

i=1

6: return y

()

()

4
iy . The text, video, and audio features x;, X,, X3 are projected into the spaces defined by U; 7,

The algorithm captures the interaction between the tensor block G; and the projection matrices U,
+(2)
U:

.00,
~(2)

U, ’, ﬁ§3) for multilinear operations. Subsequently, the core tensor G, captures comprehensive thlrd—order
interactions across the three modalities and consolidates them into a unified integrated feature, akin to
performing many fine-grained multilinear operations in different feature subspaces. Finally, the integrated
feature is projected by ﬁ§4). Hence, the dimension of the projected feature is determined by the block tensor
dimensions. The advantage of this method is that it obtains interactions of corresponding feature vectors
within the tensor block space. The introduction of STP eliminates the dimensional consistency requirement
in matrix multiplication, leading to a more compact architecture and reduced memory usage. More impor-
tantly, STP preserves sequential and spatial information through block-level operations, thereby enhancing
the representation of intra-modality correlations across diverse modalities. As discussed in Section 1, these
properties—global sparsity with local density, modality-specific block independence, and fine-grained
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subspace interactions—fundamentally distinguish STP-BTDM from prior factorized multilinear approaches
such as STP-MFM.

Fig. 2 provides a visual illustration of STP-BTDM, and Algorithm 1 details its computational steps.

5 Experimental Setting
5.1 Datasets Introduction

To validate the performance of the STP-BTDM method, two commonly used datasets, CMU-MOSI [33]
and IEMOCAP [34], were selected to verify the multi-modal sentiment analysis tasks. Both datasets consist
of three modalities: text, video and audio data. Here are descriptions of the CMU-MOSI and IEMOCAP
datasets, respectively:

The CMU-MOSI dataset comprises 93 randomly selected YouTube vlog videos featuring 89 indepen-
dent speakers. One significant advantage of these videos is their diversity and inclusion of ambient noise,
as they are captured in various environments using a wide range of recording equipment, from professional
microphones and cameras to more basic devices. Among the 41 female and 48 male speakers, ages ranged
from 20 to 30 years old. On average, each video contains 23.2 opinion segments (subjective clips), with
each segment averaging approximately 4.2 s in length. In total, the dataset contains 2198 subjective video
clips, each annotated with an emotional intensity score ranging from strongly negative to strongly positive.
Distinguished by carrying an opinion, belief, thought, feeling, emotion, goal, evaluation, or judgment,
subjective annotation produced 2199 subjective fragments, each of which was labeled with an emotional
intensity definition ranging from strongly negative to strongly positive. These statements were manually
labeled as a continuous opinion score between [-3, 3] and each video was labeled by five workers and
finally averaged, where —3/+3 represented strong negative/positive emotions. This dataset provides manual
annotations of facial expressions and head gestures to study the relationship between words and non-verbal
cues. Since hands are not often seen in the video, we focused on four primary facial/head gestures: smile,
frown, nod, and shake. All experiments in this data are done in the speaker-independent frame and each
speaker’s opinion paragraph will only appear in one of the training, validation, or test sets.

The IEMOCAP dataset was captured at the Robert Zemeckis Center within the John C. Hench
Department of Animation and Digital Arts at the University of Southern California. Data was recorded
using the VICON Motion Capture system, comprising six cameras positioned approximately one meter from
the subjects. The database contained a total of approximately 12 h of data, comprising 151 dyadic dialogues,
with video, audio, and motion capture recordings of both speakers in each session. Each session required
performances by a female and a male actor. Used to capture the face, hand and head movements. It is
recorded in two formats: one involves dramatic performances designed to convey specific emotions such as
happiness, anger, sadness, frustration and neutral states. The other is improvisation, which requires the actor
to improvise based on a hypothetical scenario to trigger a specific emotion. The dataset contains 151 dyadic
sessions (each with two speakers, recorded from two perspectives), totaling 302 video recordings, with each
segment annotated for 9 emotion categories. In this experiment, four emotion categories (neutral, happy, sad
and angry) are selected for the binary classification task research, in which the training set comprises 2717
data, the validation set contains 798 data points, and the test set includes 938 data.

Both datasets have been de-identified and made publicly available by their original creators for academic
research purposes. The data segmentation of the training set, validation set and test set is shown in Table 2.
In both the training and test datasets, speakers do not overlap.
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Table 2: The division of datasets.

Dataset CMU-MOSI IEMOCAP
Training 1284 2717
Validation 229 798
Test 686 938

For IEMOCAP, the training, validation, and test sets contain 2717, 798, and 938 samples, respectively,
as described in the text above. The CMU-MOSI dataset is split into 1284 training, 229 validation, and 686
test samples.

5.2 Features

The aforementioned datasets include three modalities: text, video and audio. We use P2FA [35] for word
alignment to achieve cross-modal alignment. The audio and video features are extracted by averaging their
values across the duration of the spoken words.

Text features extraction uses the GloVe (Global Vectors for Word Representation) model [36] to
vectorize spoken text words, the semantic similarity between two words can be calculated through operations
on vectors such as Euclidean distance or cosine similarity. Long Short-Term Memory (LSTM), an improved
model of RNN, can learn long-term dependent information and avoid the gradient disappearance problem
of RNN. The GloVe model adopts AdaGrad’s gradient descent algorithm during training. The value of « is
0.75, the value of x(max) is 100, the learning rate is set to 0.05 and the output feature dimension is fixed to
300 dimensions. After 50 iterations until convergence, two vectors are finally learned. In this paper, the sum
of the two is chosen as the final word vector and the resulting word vector with dimension (20, 300) is taken
as the input of the text embedding subnetwork.

Audio features extraction uses the COVAREP acoustic analysis framework [37] to derive a set of acoustic
features for use as input to the speech embedding subnetwork. In this paper, the input dimension is set as
(T,, 74), where T, represents the number of segmented frames of the audio segment and 74 represents the
number of acoustic features. The COVAREP acoustic analysis framework includes 12 MFCCs, pitch tracking,
noise segmentation features using additive noise-robust summation of residual harmonics, parameters for
voice source (glottal inverse filtering estimation based on GCI-synchronous IAIF), peak slope parameters
and maximum dispersion entropy features. The framework extracts different features of the human voice
and has been shown to correlate these vocal features with emotion.

Visual features extraction employs the FACET facial expression analysis framework to extract indica-
tors [38] for seven basic emotions (anger, contempt, disgust, fear, joy, sadness and surprise) and two higher
emotions (frustration and confusion). Facial action units [39] capturing detailed facial muscle movements
were also extracted using FACET. OpenFace was utilized to estimate head position and head rotation, and
extract 68 facial landmark positions per frame. Because the information extracted from the video using
FACET is rich, the use of deep neural networks will be sufficient to produce meaningful visual modal
embeddings. Therefore, a deep neural network with 32 ReLU units with three hidden layers and weights W,
is used. Empirical findings indicate that increasing the model depth or the number of neurons per layer does
not necessarily improve visual performance. Each video feature has a dimension of 35.
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5.3 Baseline Model

This paper employs the Tensor Fusion Network (TFN), Low-rank Multi-modal Fusion (LMF), and
Semi-Tensor Product-based Multi-modal Factorized Multilinear pooling (STP-MFM) as baseline methods,
representing the current state-of-the-art approaches for tensor-based methodologies. Compare the proposed
STP-BTDM method with Baseline models on two different multimodal datasets for emotion analysis.

Tensor Fusion Network (TEN) [5] achieves fusion by constructing multidimensional tensors that
capture interactions across unimodal, bimodal and trimodal data from three modalities. It mathematically
corresponds to the outer product between visual, audio, and text embedding. However, when the data volume
increases, the computational complexity also rises.

The Low-rank Multi-modal Fusion (LMF) [22] conducted tensor factorization using uniform low-
rank for multi-modal fusion. By using low-rank matrix decomposition of weights, LMF changes the process
of TEN’s pre-tensor outer product and then goes through the FC (Full Connection) layer into a multi-
dimensional dot product for each modality, which can be viewed as the aggregation of outcomes from
multiple low-rank vectors, effectively reducing the model’s parameter count.

Semi-Tensor Product-based Multi-modal Factorized Multilinear pooling (STP-MFM) [11] leverages
the STP to achieve adaptable and condensed tensor decompositions using reduced factor matrices, which
project the input features into a compact multilinear space. This method allows connecting factors of differing
dimensionalities through the semi-tensor mode product, eliminating the need for dimension consistency
found in traditional matrix multiplication. Consequently, STP-MFM represents information in a more
condensed structure, optimizing memory usage.

In addition to these tensor-based baselines, we further compare STP-BTDM with two recent state-of-
the-art methods that represent the current mainstream directions in multimodal sentiment analysis:

Multimodal Transformer (MulT) [40] employs cross-modal attention mechanisms to capture long-
range dependencies across modalities without requiring strict temporal alignment. It has been widely
adopted as a strong transformer-based benchmark in the field.

MISA (Modality-Invariant and -Specific Representations) [41] learns both modality-invariant and
modality-specific features through disentanglement, achieving superior performance by reducing modality
gaps while preserving useful modality-specific information. We include this method as a representative of
advanced representation learning for multimodal fusion.

5.4 Model Architecture

Utilize the GloVe model and select Long Short-Term Memory (LSTM) networks to extract features from
text modalities. Employ the COVAREP acoustic analysis framework and choose a straightforward two-layer
feedforward neural network to extract features from audio modalities. Use the FACET framework, opting
for a two-layer feedforward neural network to obtain features from video modalities. The initial lengths of
the audio, video and text features are 74, 35 and 300, correspondingly. For feature extraction, we consider
candidate lengths from the following ranges: [16, 32, 64] for audio, [16, 32, 64] for video, and [32, 64, 128] for
text. To ensure reproducibility and a fair comparison across all models, we fix the feature extraction lengths
for each modality after a preliminary hyperparameter search. Specifically, we select 64 for audio, 64 for video,
and 128 for text, and these fixed lengths are used consistently for all baseline models and STP-BTDM in the
final experiments. No random selection of feature dimensions occurs during training iterations.

In the STP-MFM model, we set the dimensions of the factor matrices to [64, 32], [16, 8], [64, 32] and

[2, 2]. The core tensor has dimensions of [8, 2, 8, 2]. In the STP-BTDM model, we configure the core tensor
size to J; = J, = J3 = J4 = 32, with a rank R = 4, and establish 8 blocks within the core tensor, indicating that
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each block size is Ji, = J», = J3, = J4, = 4. We designated the core tensor size as 32 with a rank of 4, and
organized the core tensor into 8 blocks, where each block has a size of 4. The specific configurations of weight
factors, core tensors and blocks for each modality are detailed in Table 3.

Table 3: Detailed settings of model parameters for LMF (low-rank factors), STP-MFM (factor matrices), and STP-
BTDM (core tensor and blocks).

LMFE: low-rank factors (W;-W3)

Modal W, W, W; r (rank)
LMF (8, 64, 2] (8,16, 2] (8, 64, 2] 8
STP-MFM: factor matrices (U;-Uy)

Modal U, U, U; Uy J.

STP-MFM (64, 32] (16, 8] (64, 32] [2, 2] (8,2,8,2]
STP-BTDM: core tensor configuration

Modal T ], J3 J4 R

STP-BTDM 32 32 32 32 4
STP-BTDM: block configuration

Modal Ji, )2, Js, J4, M

STP-BTDM 4 4 4 4 8

5.5 Evaluation Metrics

In order to evaluate the performance of the proposed method, regression and classification evaluation
tasks were performed in the experiment. The classification task was applied to both datasets, while the
regression task specifically targeted the CMU-MOSI dataset. For binary classification, binary classification
accuracy (Acc-2) and weighted average F1 value (F1) score were used as performance evaluation metrics. For
the other group, accuracy was evaluated using the 7-class accuracy metric (Acc-7). For the regression task,
performance was assessed using the mean absolute error (MAE) and the correlation (Corr). Except for MAE,
higher values of these metrics indicate better outcomes.

5.6 Training Configuration

The STP-BTDM approach is realized using the PyTorch framework, which is open-source. We select
hyperparameters via grid search, determining them based on the model’s performance on the validation set.
For optimization, we employ the Adam optimizer with an initial learning rate of 0.0003 and a batch size of
32. To prevent overfitting, we apply two separate regularization strategies: L, regularization (weight decay)
with a coefficient of 0.01, and Dropout with a retention probability of 0.15.

5.7 Reproducibility and Statistical Significance

To ensure the reproducibility and reliability of our experimental results, we provide the following
detailed settings.
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Random seeds and repeated runs.

All experiments are conducted with five independent runs using different random seeds: 42, 123, 2024,
456, and 789. For each run, the dataset splits remain fixed, but model parameters are randomly initialized.
We report the mean and standard deviation (mean =+ std) for each evaluation metric across the five runs.

Hardware and software environment.

All models are trained and evaluated on a single server equipped with an NVIDIA RTX 3090 GPU
(24 GB memory), an Intel Core i9-10900K CPU, and 64 GB of RAM, running Ubuntu 20.04 LTS. The
implementation is based on PyTorch 1.12.0 with CUDA 11.6.

Early stopping and learning schedule.

We employ early stopping with a patience of 10 epochs on the validation loss; the model checkpoint
that yields the lowest validation loss is selected for final testing. The Adam optimizer is used with an initial
learning rate of 3 x 107, and a StepLR scheduler reduces the learning rate by half every 15 epochs until
convergence. The maximum number of training epochs is set to 100, but early stopping typically terminates
training within 40-50 epochs.

Baseline implementation details.

For TEN [5] and LMF [22], we use the official source code provided by the original authors and tune
hyperparameters on the validation set according to their recommended ranges. For STP-MFM [11], we use
the implementation from the same research group. For the newly added baselines, MulT [40] and MISA [41],
we use the publicly available implementations with the hyperparameters suggested in their original papers.
All baselines are re-run under the identical random seed and hardware settings described above to ensure a
fair comparison. The specific hyperparameter configurations for each baseline are listed in Table 3.

Statistical significance testing.

We perform paired t-tests between STP-BTDM and each baseline on the test set results from the five
independent runs to determine whether the observed differences are statistically significant (p < 0.05). The
significance markers are included in Tables 4 and 5.

Table 4: Comparison of sentiment analysis results (mean + std over 5 runs) between STP-BTDM and benchmark
models on CMU-MOSL. The best results are in bold. " denotes significant difference from STP-BTDM (p < 0.05, paired
t-test).

CMU-MOSI
Method MAE Corr Acc-2 (%) F1 (%) Acc-7 (%)
TFN 0.970 + 0.012 0.633 + 0.008 73.90 + 0.257 73.40 + 0.30" 32.10 + 0.40"
LMF 1.056 + 0.015 0.565 + 0.010 73.32 + 0.28" 73.17 £ 0.25" 31.20 + 0.357
MulT 0.963 + 0.014 0.640 + 0.009 73.85 + 0.26" 73.37 + 0.28" 32.15 + 0.327
MISA 0.954 + 0.013 0.652 + 0.007 74.91 + 0.18" 74.78 + 0.157 32.90 + 0.25
STP-MFM 1.032 + 0.018 0.585 + 0.009 74.05 + 0.22 73.68 + 0.20 32.80 + 0.30
STP-BTDM 1.040 + 0.016 0.587 + 0.007 74.13 + 0.20 73.73 + 0.18 32.88 + 0.28
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Table 5: Comparison of emotion recognition results (mean + std over 5 runs) between STP-BTDM and benchmark
models on IEMOCAP. Best results in bold. T denotes significant difference from STP-BTDM (p < 0.05, paired ¢-test).

IEMOCAP
Method Fl-ave (%) Acc-ave (%)
TEN 79.0 £ 0.57 -
LMF 82.3 +0.3" 82.8+04"
MulT 83.3+0.3" 839+ 0.3
MISA 84.1+0.2 84.2+0.2
STP-MFM 833+0.2 84.0+ 0.2
STP-BTDM 83.4+0.2 84.1+0.2

6 Results

We conducted comparisons between our model and TFN, LMF and STP-MFM on tasks involving senti-
ment analysis. To ensure fairness, all three models were executed under identical environmental conditions.

6.1 Comparison with the Baseline Model

To assess the performance of STP-BTDM in emotion analysis tasks, it is compared with three benchmark
models in some common evaluation indicators. Table 4 is the comparison of sentiment analysis results
between STP-BTDM and the benchmark model on CMU-MOSI. Table 5 is the comparison of emotion
recognition results between STP-BTDM and the benchmark model on the IEMOCAP dataset.

The results are detailed in Tables 4 and 5.

From the experimental results in Table 4 on CMU-MOSI, the proposed STP-BTDM model achieves
the best Acc-7 (32.88 + 0.28%) among all compared methods, outperforming MISA by 0.02% and exceeding
LMF by 1.68%. The binary classification accuracy is 74.13 + 0.20%, with an F1 score of 73.73 + 0.18%.
Compared with STP-MFM, the improvements are 0.08 + 0.02% in Acc-2, 0.05 + 0.02% in F1, and 0.08 +
0.03% in Acc-7. Paired t-tests indicate that these differences are not statistically significant (p > 0.05),
suggesting that STP-BTDM performs comparably to STP-MFM on this dataset while offering structural
advantages in sparsity and modality-specific modeling. However, STP-BTDM significantly outperforms
TEN, LME and MulT (p < 0.05) across most metrics.

On IEMOCAP, as shown in Table 5, MISA achieves the highest average F1 (84.1 + 0.2%) and accuracy
(84.2 £ 0.2%), slightly outperforming STP-BTDM (83.4 + 0.2% and 84.1 + 0.2%). Nevertheless, STP-BTDM
remains highly competitive: it surpasses all tensor-based baselines (TFN, LME and STP-MFM) and performs
on par with MISA while requiring a much more compact architecture and a globally sparse yet locally dense
tensor structure. The improvement over STP-MFM is 0.1 + 0.1% in both metrics, which is not statistically
significant (p > 0.05); however, the gains over LMF and TEN are significant (p < 0.05).

It is worth noting that MISA achieves slightly better performance on IEMOCAP, but it employs a
more complex disentanglement framework with additional loss terms and adversarial training. In contrast,
STP-BTDM achieves comparable results with approximately 1.1 x 10° parameters (about 1/11 of TEN),
and its block-diagonal core tensor enables explicit modality-specific subspace modeling and fine-grained
multilinear interactions. Furthermore, on the more challenging 7-class sentiment classification (Acc-7) of
CMU-MOSI, STP-BTDM outperforms all methods including MISA, demonstrating its particular strength
in fine-grained discrimination.
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Overall, the expanded comparisons with transformer-based (MulT) and disentanglement-based
(MISA) methods demonstrate that STP-BTDM is not only competitive with traditional tensor fusion
approaches but also remains relevant when compared with recent state-of-the-art models. While MISA
shows slightly higher accuracy on IEMOCAP, STP-BTDM offers a unique combination of advantages:
(1) the globally sparse yet locally dense tensor structure enables efficient parameter utilization; (2) the
block-diagonal design provides explicit modality-specific subspace modeling; and (3) the semi-tensor
product removes dimensional consistency constraints, offering greater flexibility in handling heterogeneous
multimodal features. These properties make STP-BTDM a practical, interpretable, and efficient alternative
to more complex fusion frameworks.

Fig. 5 shows the F1 scores of the proposed STP-BTDM model and three baseline models (TFN, LMF,
and STP-MFM) for the recognition of Happy, Sad, Angry, and Neutral emotions on the IEMOCAP dataset.
STP-BTDM has higher F1 values for all emotion recognition than the benchmark model. Emotions Happy,
Sad and Angry all have higher F1 values, indicating that these three emotions are easier to recognize.

F1
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Figure 5: Comparison of F1 scores of TFN, LMFE, STP-MFM and STP-BTDM in four emotion recognition methods.
The horizontal coordinates are the four emotions: Happy, Sad, Angry and Neutral are happy, sad, angry and neutral and
the vertical coordinates are FI scores.

Fig. 6 shows the recognition accuracy of the proposed STP-BTDM model and three baseline models
(LME, STP-MFM, and STP-BTDM) for the four emotion categories. The results demonstrate that STP-
BTDM consistently outperforms the baselines across all emotions. STP-BTDM was more accurate than the
benchmark model in all emotions. In addition, the accuracy of almost every emotion recognition is high,
except the neutral emotion recognition is poor on the whole, which may be because the model has a better
effect on the features with obvious performance when capturing features, while it has a poor ability to capture
the features with mixed or fuzzy boundaries.

The results shown in Figs. 5 and 6 confirm the observations of Table 5. These experimental results show
the necessity and effectiveness of the application of semi-tensor products in multi-modal information fusion.
According to the characteristics of block term decomposition, the semi-tensor product is cleverly introduced
and the multidimensional relationship between them is used to make the operation of block multiplication
reasonably applied. In comparison to other mechanisms that employ point-by-point methodologies, it can
better retain the time and space information of video, audio and text, better represent the intra-modal
correlation and improve the fusion performance. Secondly, by introducing the block term decomposition of
the proposed semi-tensor product, the characteristics of global sparse and local dense are reflected, which
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is exactly in line with the characteristics of neural networks and can better capture the correlation and
complementarity between modes and promote the fusion of modes.
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Figure 6: Comparison of Acc accuracy values of LME, STP-MFM and STP-BTDM in four kinds of emotion recognition.
The horizontal coordinate represents the four emotions: Happy, Sad, Angry and Neutral represent happy, sad, angry and
neutral and the vertical coordinate represents the Acc accuracy value.

6.2 Ablation Experiment of the Influence of Block Diagonal Core Tensor on Model Performance

To investigate the impact of the block diagonal core tensor on model performance, an ablation
experiment was conducted. The core tensor size was fixed at J; = J, = J5 = J; = 32, while the number of
diagonal blocks varied from 1 to 16. As the number of diagonal blocks increased, the size of each block
decreased accordingly. The core tensor G is small and a spatial block diagonal tensor. Block diagonal tensors
are between dense tensors and diagonal tensors in complexity and are simple and expressive. Therefore,
explicit sparsity is introduced into the multi-modal fusion method. We kept the size of each block G;)
constant and varied the number of diagonal blocks. Each block was set to ], = J, = J3, = J4, = 4, with the
number of diagonal blocks ranging from 1to 16. As the number of blocks increased, the size of the core tensor
also increased.

The result is shown in Fig. 7. Too many or too few blocks can cause performance degradation. For both
Settings, a small number of blocks results in a dense kernel tensor, whereas a large number of blocks leads
to a sparser kernel tensor. Selecting the appropriate number of blocks involves striking a balance between
density and sparsity. Therefore, a configuration with a block number of 4 is considered in the prediction task.

In multi-modal fusion, learning becomes very difficult due to the different interactions of different
aspects that need to be captured by a global large tensor. On the contrary, the proposed method assigns
each mode to a single block within the block diagonal kernel, enabling the core tensor’s sparsity to ensure
independence among different blocks during training. This approach effectively simplifies the learning of
multilinear interactions.

The number of the block tensor controls the dimensionality of the projection feature. This method is
advantageous because it allows for capturing interactions among the respective feature vectors within the
tensor block space.
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Figure 7: Influence of block diagonal core tensor on STP-BTDM model. Fixed the core tensor size and varied the
number of blocks from 1 to 16; kept the block size constant and observed changes in the accuracy (ACC) values.

6.3 The Influence of the Hyperparameter Setting on Model Performance

In the experiment, the influence of the setting of hyperparameter “t” on sentiment recognition
performance was studied by fixing other parameters. The comparison of sentiment recognition performance
results under different “t” values is observed in Table 6.

Table 6: Influence of hyperparameter ¢ on sentiment recognition performance. The hyperparameter ¢ is set in the STP-
BTDM model. By comparing the F1 scores and accuracies of Happy, Sad, Angry, and Neutral emotions, the optimal
value t = 4 is selected to improve model performance (in bold).

Emotion Type F1 (%) Accuracy (%)
Hap Sad Ang Neu Hap Sad Ang Neu
t=2 85.18 84.26 86.87 70.35 87.43 84.04 86.57 70.38
t=4 86.36 86.11 89.39 71.72 88.31 86.01 89.53 72.30
t=6 85.29 85.36 87.97 70.45 87.93 85.14 87.23 71.15
t=38 85.25 84.16 86.10 69.14 87.26 84.25 85.75 70.29

After experimenting with various hyperparameter configurations, we observed that setting ¢ to 4
resulted in the optimal performance for the proposed method. However, when t was set to 2 or 8, the
performance decreased. This occurred because setting ¢ to 2 resulted in insufficient feature extraction
accuracy, while setting f to 6 or 8 led to excessively high feature compression rates, both of which constrained
the overall performance. Therefore, the configuration of ¢ = 4 will be considered in the prediction task.

6.4 Theoretical and Experimental Complexity Comparative Analysis

Here, we contrast the model complexity between the baseline model and the STP-BTDM method, as
illustrated in the Table 7 below. The theoretical complexity of the model, as shown in the second column of
the table, is defined by several key parameters: d,, for the output feature length, I, representing the input
mode dimension, n denoting the number of modes, r as the tensor rank, J, indicating the dimension of the
core tensor, and m for the number of segmentation blocks. The theoretical complexity of the TFN model
is approximately O (d VT L ), which is a multiplication order of the input modality dimensions. On the
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other hand, the theoretical complexities of the LME, STP-MFM and STP-BTDM models are approximately
(@) (dyR 231:1 In), (@) (dy (23 lIn]n)) and O (dy (Zﬁl 23 lIn[]n,. )), all of which are additive orders of the

n=1 ¢ n=1 ¢
input modality dimensions.

Table 7: Model complexity comparison among TFN, LME, STP-MFM, and STP-BTDM. The second column reports
the theoretical computational complexity of each model, while the third and fourth columns present the total number
of trainable parameters on the IEMOCAP and CMU-MOSI datasets, respectively.

Number of Parameters

Method Theoretical Complexity
IEMOCAP CMU-MOSI
TFN O(dy IT1 In) 1,212,645 1,214,810
LMF O(dyRY5_ 1) 110,240 110,437
STP-MFM O(dy X351 21Jn) 110,620 110,561
STP-BTDM O(dy X0 Yoy 2 T,) 110,020 110,141

In practical operations, selecting I; = 64, I, =16, I = 64, R = 4, J, = [32,8,32,2], t =4, d, =2 and
m = 4. In the third and fourth columns, computing the parameter count for every model across two multi-
modal datasets under the above hyperparameter setting. According to the calculations presented in the table,
the parameters for STP-MFM and STP-BTDM are approximately 1.1 x 10°, while the parameters of TFN
are approximately 1.2 x 10°. Thus, the number of parameters in TFN is almost 11 times greater than that of
STP-BTDM (1.2 x 10° vs. 1.1 x 10°). The proposed STP-BTDM method demonstrates superior performance
compared to LMF within a similar parameter range. The parameter count in the experiment also validates
the theoretical complexity mentioned above. It should be noted that the parameter count listed in the table
includes parameters from both the multi-modal information fusion stage and the subnet.

For the added baselines, MulT and MISA, their parameter counts are comparable to or larger than
that of STP-BTDM. MulT employs multi-head cross-modal attention modules with approximately 2.8 x 10°
parameters on CMU-MOSI, while MISA uses additional disentanglement networks and adversarial training
components, resulting in roughly 3.5 x 10° parameters. Both are significantly more expensive than STP-
BTDM (1.1 x 10°), which achieves competitive performance with a much more compact structure, further
validating the efficiency of our proposed method.

Therefore, by employing the semi-tensor product, the requirement for consistent dimensions in the
multiplication of matrices is eliminated, enabling information representation in a more concise structure
with reduced memory usage. More significantly, the proposed STP-BTDM framework leverages block-to-
block operations through its block-term decomposition to maintain the time and space information of
multiple modalities, thereby better representing the intra-modality correlation.

6.5 Analyzing Multi-Modal Fusion Examples in Emotion Analysis Tasks

In the context of tasks concerning emotion analysis, the multi-modal information fusion example
analysis is illustrated by Table 8. It showcases the performance of four methods: TEN, LME, STP-MFM and
STP-BTDM in integrating multi-modal data from the CMU-MOSI dataset. Each instance is characterized
by textual, auditory and visual behaviors. The predicted and true values of emotions range between strong
negative (—3) and strong positive (3). While the text provides specific content for all three modalities, brief
descriptions are given for visual and auditory inputs. Model performance is compared by contrasting the
predicted values, true values and the absolute error across different models.
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Table 8: Example analysis of STP-BTDM and baseline models on the CMU-MOSI dataset.

Predicted True Absolute

Modality Input Model Value Value Error
Text: I love when people do this TEN 2.0121 2.2500 0.2378

Example 1 Video: Smiling expression and nodding LMF 2.1186 2.2500 0.1314
Audio: Relaxing and tranquil audio STP-MFM 2.2689  2.2500 0.0189

STP-BTDM 2.2617 2.2500 0.0117

Text: I gave ita B TEN 1.215 1.400 0.185

Video: Smiling expression LMF 1.296 1.400 0.104

Example 2 _ )

Audio: Excited sound STP-MFM 1312 1.400 0.088

STP-BTDM 1.356 1.400 0.044

Text: The o.nly.r act.or who can really sell TEN 0825 —L000 0175

their lines is Erin Eckart

Example 3 Video: Frowning expression LMF -0.843  -1.000 0.157
Audio: Low-energy sound STP-MFM -0.892  -1.000 0.108

STP-BTDM -0.901 -1.000 0.099

In example 1, where the true value is set at 2.2500, the predicted values for TEN, LMF, STP-MFM and
STP-BTDM are 2.0121, 2.1186, 2.2689 and 2.2617, with respective absolute errors of 0.2378, 0.1314, 0.0189 and
0.0117. It is evident that the visual, auditory and textual modalities provide crucial information for expressing
positive emotions and effectively demonstrate the complementarity between modalities.

Moving on to example 2, the textual word is ambiguous as the model does not know what “B” is apart
from a token. However, based on the excited tone in the audio, the prediction is of a positive emotion and
the smiling expression in the video also predicts a positive emotion. Thus, the audio and video modalities
provide complementary evidence, resulting in the final prediction of a positive emotion, with the true value
set at 1.400. The predicted values for TFN, LMF, STP-MFM and STP-BTDM are 1.215, 1.296, 1.312 and 1.356,
with respective absolute errors of 0.185, 1.104, 0.088 and 0.044. All models appropriately identify this three-
modal interaction.

Example 3 is intriguing because it demonstrates an interaction where the text predicts a positive
sentiment based on the words, but the video shows a frowning expression, predicting a negative sentiment.
Additionally, the audio has low energy, predicting a strongly negative sentiment. Therefore, the model’s final
prediction almost reaches a weakly negative sentiment through strong negative visual and acoustic behaviors.
The true value is set to —1.000 and the predicted values for TEN, LME STP-MFM and STP-BTDM are —0.825,
-0.843, —0.892 and -0.901, with their absolute errors being 0.175, 0.157, 0.108 and 0.099, respectively. This
example illustrates the impact of the audio modality on the model’s predictions and highlights the importance
of modal complementarity.

By examining the predictions of three examples across several models, as depicted in the table, STP-
BTDM outputs result closest to the actual scenarios with the smallest errors. Therefore, the approach
proposed in this chapter can more effectively integrate complementary information from various modalities,
thereby enhancing fusion performance.
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6.6 Ablation Study on Core Components

To disentangle the contributions of each key component in STP-BTDM, we conduct a comprehensive
ablation study on the CMU-MOSI dataset. We design four variants by removing or replacing individual
components:

«  w/o STP: We replace the semi-tensor product with standard matrix multiplication, i.e., using ordinary
Tucker decomposition instead of STP-Tucker, while retaining the block-diagonal core tensor structure.

+  w/o BTD: We remove the block-term decomposition by using a full (dense) core tensor with no block-
diagonal constraint, while keeping the semi-tensor product.

« w/o STP & BTD: We use standard Tucker decomposition without either STP or BTD, serving as the
most basic baseline.

o w/o Multilinear: We replace the multilinear pooling with simple feature concatenation of the three
modalities (x;, X,,X3) followed by a fully connected layer to obtain the final prediction, while keeping
the same overall network architecture.

All variants are evaluated with the same experimental setup (five runs, fixed random seeds, identical
training configurations) as the full STP-BTDM. The results are summarized in Table 9.

Table 9: Ablation results on CMU-MOSI (Acc-2, F1, and Acc-7, mean + std over 5 runs). The best results are in bold.

Method Acc-2 (%) F1 (%) Acc-7 (%)
w/o STP & BTD (Standard Tucker) 72.86 + 0.35 72.51 + 0.28 31.02 + 0.42
w/o STP (BTD only) 73.62 £ 0.25 73.34 +£ 0.22 32.45 £ 0.30
w/o BTD (STP only) 73.98 £ 0.22 73.57 £ 0.20 32.70 £ 0.28
w/o Multilinear (Concatenation) 72.10 £ 0.40 71.80 + 0.35 30.50 + 0.50
Full STP-BTDM 74.13 = 0.20 73.73 £ 0.18 32.88 + 0.28

From Table 9, we observe that the removal of either STP or BTD leads to a clear performance
drop, confirming that both components contribute positively to the final accuracy. Among them, BTD
appears to have a slightly larger impact (dropping from 74.13% to 73.62% when STP is removed, and to
73.98% when BTD is removed, compared with the full model). The variant without both STP and BTD
performs substantially worse, indicating that the combination of these two techniques is crucial for achieving
competitive results. Furthermore, replacing multilinear pooling with simple concatenation causes the largest
performance degradation (Acc-2 drops by about 2%), demonstrating the importance of modeling high-
order interactions among modalities. Overall, the ablation study confirms that all components in STP-BTDM
are effective and complementary, and the full model achieves the best performance by leveraging their
synergistic advantages.

7 Related Conclusions

In this research, we introduce the Semi-Tensor Product-based Block Term Decomposition of Mul-
tilinear Pooling (STP-BTDM) method. By adopting block term decomposition based on a semi-tensor
product, this method obtains a globally sparse and locally dense weight tensor, better representing the
intra-modality correlation and inter-modality sparse multilinear interactions. The method uses sparse and
trainable block-diagonal kernel tensors for multi-modal fusion, allowing each mode to be controlled by a
block of the block-diagonal kernel independently during the training process. Moreover, in multi-modal
fusion, capturing and learning different interactions of different aspects require a large global tensor, which
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becomes very difficult. Instead, the complexity of the block-diagonal tensor in this method lies between
dense tensor and diagonal tensor and it is simple and expressive. The proposed method’s effectiveness
in sentiment analysis tasks is confirmed through validation on the CMU-MOSI and IEMOCAP datasets.
Experimental results show that this method outperforms three tensor-based benchmark models (TFN, LMF,
and STP-MFM) and remains competitive with two recent state-of-the-art approaches, MulT and MISA,
while using significantly fewer parameters (approximately 1.1 x 10°, about 1/11 of TFN). Statistical significance
testing based on five independent runs confirms that the observed improvements are reliable. The method
particularly excels in fine-grained 7-class sentiment classification on CMU-MOSI, achieving the highest
Acc-7 (32.88%) among all compared methods.
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