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Abstract

Multimodal Sentiment Analysis (MSA) is a
rapidly developing field that integrates mul-
timodal information to recognize sentiments,
and existing models have made significant
progress in this area. The central challenge in
MSA is multimodal fusion, which is predom-
inantly addressed by Multimodal Transform-
ers (MulTs). Although act as the paradigm,
MulTs suffer from efficiency concerns. In this
work, from the perspective of efficiency opti-
mization, we propose and prove that MulTs
are hierarchical modal-wise heterogeneous
graphs (HMHGs), and we introduce the graph-
structured representation pattern of MulTs.
Based on this pattern, we propose an Interlaced
Mask (IM) mechanism to design the Graph-
Structured and Interlaced-Masked Multimodal
Transformer (GsiT). It is formally equivalent
to MulTs which achieves an efficient weight-
sharing mechanism without information disor-
der through IM, enabling All-Modal-In-One
fusion with only 1/3 of the parameters of pure
MulTs. A kernel called Decomposition is im-
plemented to ensure avoiding additional com-
putational overhead. Moreover, it achieves sig-
nificantly higher performance than traditional
MulTs. To further validate the effectiveness of
GsiT itself and the HMHG concept, we inte-
grate them into multiple state-of-the-art mod-
els and demonstrate notable performance im-
provements and parameter reduction on widely
used MSA datasets. Experimental results also
demonstrate its effectiveness on other multi-
modal tasks. The code is available in GitHub
Page.

1 Introduction

With the growing ubiquity of diverse social me-
dia platforms such as YouTube and TikTok, users
now express sentiments through various forms of
information, including text, video, and audio. To
achieve more natural human-computer interactions,

*Corresponding author

A lot of sad parts
Multimodal
Sentiment    
Analysis

Multimodal 

Fusion
Module

Figure 1: An example of multimodal sentiment analysis:
end-to-end discriminative task pipeline.

multimodal sentiment analysis (MSA) has become
a popular research area (Gandhi et al., 2023). MSA
is briefly exemplified in Figure 1.

The main challenge of MSA is to integrate het-
erogeneous data containing different sentiment in-
formation, thus achieving effective sentiment anal-
ysis. The practical manifestations of these chal-
lenges primarily lie in the performance of multi-
modal fusion methods, the representation capacity
of multimodal features, and the robustness of the
model. To address these challenges, methods of
MSA involve designing effective multimodal fu-
sion methods (Zadeh et al., 2017; Tsai et al., 2019a;
Zhang et al., 2023; Zheng et al., 2024) to fully in-
tegrate heterogeneous data, and developing repre-
sentation learning-based methods (Yu et al., 2021;
Yang et al., 2023; Lin and Hu, 2024; Zhang et al.,
2024) to enhance unimodal information and model
robustness. Among these, multimodal fusion is the
core issue of MSA and also the focus of this paper.

In the realm of multimodal fusion, Multimodal
Transformer (MulT) (Tsai et al., 2019a) and its en-
hanced successors (Zhang et al., 2021, 2023; Zong
et al., 2023; Wang et al., 2024; Zheng et al., 2024;
Wu et al., 2024), collectively known as MulTs,
have shown significant effectiveness in MSA. De-
spite their status as the prevailing paradigm, the
extensive use of Cross-Modal Attention (CMA)
and Multi-Head Self-Attention (MHSA) mecha-
nisms leads to inefficiencies in MulTs. Since MSA
is an end-to-end discriminative task, it is impera-
tive to reduce system overhead and improve model
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Figure 2: Graph structure comparison. A: Naive graph structure constructed by concatenated multimodal sequences.
B: Forest structure of MulTs, constructed by decoupled bi-modality combinations. C: Tree structure of GsiT,
constructed by concatenated multimodal sequences and IM machanism.

performance for the practical implementation of
future MSA systems. Thus, the main objective of
this work is to introduce a more efficient paradigm
for MSA. Additional related works can be found in
Appendix G.

In this work, from the perspective of efficiency
optimization, we discover and prove the theoretical
equivalence between CMA/MHSA and Graph At-
tention Networks (GAT) (Velickovic et al., 2018),
where GAT uses multi-head attention as the ag-
gregation function. Specifically, CMA is equiva-
lent to a unidirectional complete bipartite graph of
bi-modality combinations, while MHSA is equiva-
lent to a directed complete graph of uni-modality.
Based on this, MulTs can be defined as a forest
composed of three independent trees. Each tree is
constructed from three subgraphs, with hierarchi-
cal relationships constrained by a complex system
of multiple functions. This mathematical repre-
sentation formally defines the theorem that MulTs
are hierarchical modal-wise heterogeneous graphs
(HMHGs), as shown in Figure 2.

Based on the above theorem, we identify the re-
dundancy in MulTs’ model parameters and their
potential for compression while preserving theo-
retical equivalence. Leveraging this discovery, we
propose the Graph-Structured Interlaced-Masked
Multimodal Transformer (GsiT) by compressing a
forest composed of three independent trees into a
single shared tree. GsiT introduces a novel In-
terlaced Mask (IM) mechanism for multimodal
weight sharing, enabling All-Modal-In-One fusion
without information disorder. Furthermore, we im-
plement a kernel named Decomposition to main-
tain efficiency. With only 1/3 of the parameters
of traditional MulTs, GsiT maintains theoretical
consistency with the MulTs’ paradigm. Compre-
hensive experimental analysis reveals that GsiT
outperforms traditional MulTs significantly in the
same experimental setup, boasting a substantial

edge in efficiency.
To validate the effectiveness and transferability

of GsiT, we conduct comprehensive evaluations
on the most widely used multimodal sentiment
analysis datasets, including CMU-MOSI (Zadeh
et al., 2016), CMU-MOSEI (Bagher Zadeh et al.,
2018), CH-SIMS (Yu et al., 2020) (for multilingual
adaptability), and MIntRec (Zhang et al., 2022) (for
broader multimodal domains). Our findings show
that GsiT not only outperforms as a backbone-level
model but also that baseline models incorporating
the HMHG concept achieve significant improve-
ments in overall performance.

2 Insights

MulTs facilitate multimodal fusion by breaking
down multimodal data into pairs of modalities for
processing. By creating various combinations of
these bi-modality units, MulTs ensure a compre-
hensive integration of heterogeneous data.

This approach can be recognized as a hierarchi-
cal and graph-structured fusion method. To better
illustrate, we first formally define hierarchical rela-
tionships.

Definition 1. Let S and T be two sets, belonging
to the domain X and the range Y, respectively, i.e.,
S ⊆ X and T ⊆ Y. If there exists a mapping
f : X → Y such that for any element si ∈ S, its
corresponding mapped value f(si) ∈ T depends
on some subset Si ⊆ S, and these dependency
relationships can be constructed recursively, then
the dependency relationship between S and T is
called a hierarchical relationship. Furthermore,
this hierarchical relationship can be represented
by a directed tree structure, where vertices rep-
resent elements in the sets, and edges represent
dependency relationships.

To better define this type of model, we propose
the following theorem:
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Theorem 1. Multimodal Transformers are hierar-
chical modal-wise heterogeneous graphs.

The formal theorem and its corresponding proof
can be found in Section 3.

Since MSA task systems are end-to-end discrim-
inative systems, we give the following insight.

Insight 1. For MSA systems, the resource savings
achieved by designing low-cost, high-performance
models, which lead to overall performance im-
provements, are more significant in some aspects
than the accuracy improvements brought by using
large models with high representation capacity.

3 Multimodal Transformers as Graphs

We first define modality text, vision, and audio
as t, v, a, while multimodality as m. Assuming
multimodal sequences Vu1 ∈ RTu1×du1 , where
u1 ∈ {m, t, v, a}, Tu1 denotes the temporal di-
mension (number of vertices), du1 denotes feature
dimension. Those sequences are then concatenated
into a single sequence Vm = [Vt;Vv;Va]

⊤. Vm is
treated as the multimodal graph embedding (MGE),
which is also regarded as the multimodal vertex set.
We define Wu2 ∈ Rdu2×dfu2 , where u2 ∈ {q, k, v},
du2 is the original feature dimension of the ver-
tices, dfu2 is the attention feature dimension, as the
projection weights for queries, keys, and values of
Vm.

3.1 Modal-wise Heterogeneous Graphs
We first introduce a lemma as follows. For detailed
proof, please refer to Appendix A.

Lemma 1. The multi-head cross-modal atten-
tion mechanism is equivalent to the aggrega-
tion of unidirectional complete bipartite graphs
of bi-modality combination; the multi-head self-
attention mechanism is equivalent to the aggrega-
tion of directed complete graphs of uni-modalities.

Based on Lemma 1, we decompose multi-head
self-attention (MHSA) and multi-head cross-modal
attention (CMA) into two steps of functions.

Generate Adjacency Matrix: MHSA1, CMA1

Aggregation Operation: MHSA2, CMA2

The structure naive modal-wise heterogeneous
graphs (MHGs) Gm is defined as depicted in Figure
2. The attention map G is formulated as an adja-
cency matrix resulting from MHSA1 and CMA1,
which effectively represent a set of edges with cor-
responding weights. Specifically, for Gi,j , where

{i, j} ∈ {t, v, a}: When i ̸= j, it signifies the ad-
jacency matrix of a complete bipartite graph of the
bi-modality combination of i and j, with the direc-
tionality being from j to i; When i = j, it repre-
sents the adjacency matrix of the directed complete
graph of uni-modality i; Specially, Gm denotes the
adjacency matrix compose of all the Gi,j .

Here, for features, we define Xm ∈ R3dm , where
dm denotes the feature dimension, as the fusion out-
put. In constructed MGE, we define d{t,v,a} =
dm to concatenate multimodal sequences. For
functions, we define multi-layer perceptrons (also
known as feed-forward networks) as a function
MLP , function composition as ◦, the final linear
transformation as a function f , and Split func-
tion, the concatenation operation on feature dimen-
sion as ∥, which splits concatenated multimodal
sequences into separated ones according to their
original lengths.

Gm = (Vm,Gm), Gm = MHSA1(Vm)

a = MLP ◦MHSA2

Xm = f(∥ Split(a(Gm))[−1])

(1)

3.2 MulTs are Hierarchical MHGs
In this section, we define the graph representa-
tion of MulTs. Assume the three indices follow
the form i ∈ {t, v, a}, j ∈ {t, v, a} \ {i},
p ∈ {t, v, a} \ {i, j}. Here, we define Hu ∈ Rdu ,
where u ∈ {i, j, p} as the final state vector.

Gi,j = CMA1(Vi,Vj), Gi,p = CMA1(Vi,Vp)

Gi,j = (Vi,Vj ,Gi,j), Gi,p = (Vi,Vp,Gi,p)

V i =∥ {a(Gi,j), a(Gi,p)}, a = MLP ◦ CMA2

Gi,i = MHSA1(V i)

Gi,i = (V i,Gi,i)

Hi = MLP ◦MHSA2(Gi,i)[−1]

Repeat For Set {j, p} Then
Xm = f(∥ {Hi, Hj , Hp})

(2)
Based on Definition 1, Lemma 1, and Equation

2, we define MulTs as being composed of multiple
subgraphs, with a series of complex function sys-
tems establishing hierarchical connections between
these subgraphs. From the perspective of a single
dominant-modality subgraph, it forms a tree. The
integration of multiple dominant-modality trees en-
sembles a forest structure. In summary, we de-
fine MulTs as Hierarchical Modal-wise Hetero-
geneous Graphs (HMHGs). Traditional forest
structure of HMHG can be found in Figure 2.
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Figure 3: GsiT architecture and Interlaced Mask Mechanism. Subfigure A: Detailed GsiT Architecture. Subfigure
B: IM Mechanism. Note: detailed function system is omitted.

4 Motivation

The aforementioned subgraphs can be transformed
into a group of block-wise adjacency matrices and
corresponding graphs as follows.

Gforward
inter =



Ot,t Gt,v Ot,a

Ov,t Ov,v Gv,a

Ga,t Oa,v Oa,a




Gbackward
inter =



Ot,t Ot,v Gt,a

Gv,t Ov,v Ov,a

Oa,t Ga,v Oa,a




Gforward
inter = (Vm,Gforward

inter )

Gbackward
inter = (Vm,Gbackward

inter )

(3)

Gintra =




Gt,t Ot,v Ot,a

Ov,t Gv,v Ov,a

Oa,t Oa,v Ga,a




Gintra = (Vm,Gintra)

(4)

In the above equations, Oi,j , where {i, j} ∈
{t, v, a}, refers to all zero matrix.

Gforward
inter and Gbackward

inter in Equation 3 are im-
plemented for multimodal fusion, while Gintra in
Equation 4 is for intra-modal enhancement.

This graph representation is mathematically
equivalent to the traditional MulTs representation,
which is an HMHG. However, it compresses the

traditional forest structure into a single tree. Al-
though it does not reduce the computational over-
head regarding vertex information aggregation, it
theoretically reduces the number of parameters to
1/3 of the traditional approach.

Combined with Gforward
inter and Gbackward

inter , the
overall multimodal fusion structure is composed
of two opposing unidirectional cycle. They man-
age to make multimodal fusion complete without
information disorder. Similarly, Gintra also real-
izes complete intra-modal enhancement without
information disorder. For more details about infor-
mation disorder, please refer to Section 8.1.

Realizing that this structure perfectly aligns with
Insight 1, we are motivated to implement this idea
and explore its potential benefits.

5 All-Modal-In-One Fusion

The core of the implementation of the graph struc-
ture defined in Equation 3 and 4 is a unique
masking mechanism, which we call the Inter-
laced Mask Mechanism (IM). There are two
main parts in IM, Interlaced-Multimodal-Fusion
Mask (IFM) and Interlaced-Intra-Enhancement
Mask (IEM). Here, we define J i,j , where {i, j} ∈
{t, v, a} refers to all negative infinity matrix.
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Mforward
inter =



J t,t Ot,v J t,a

J v,t J v,v Ov,a

Oa,t J a,v J a,a




Mbackward
inter =



J t,t J t,v Ot,a

Ov,t J v,v J v,a

J a,t Oa,v J a,a




(5)

Mintra =



Ot,t J t,v J t,a

J v,t Ov,v J v,a

J a,t J a,v Oa,a


 (6)

IFM contains Mforward
inter ,Mbackward

inter in Equa-
tion 5, while Mintra is the IEM.

Using IM, the graph defined in Equation 3 and 4
and its aggregation process can be easily defined.

Gforward
inter = MHSA1(Vm) +Mforward

inter

Gforward
inter = (Vm,Gforward

inter )

Gbackward
inter = MHSA1(Vm) +Mbackward

inter

Gbackward
inter = (Vm,Gbackward

inter )

a = MLP ◦MHSA2

Vm =∥ {a(Gforward
inter ), a(Gbackward

inter )}
Gintra = MHSA1(Vm) +Mintra

Gintra = (Vm,Gintra)

Xm = f(∥ Split(a(Gintra))[−1])

(7)

In the traditional approach, different subgraphs
are decoupled and computed separately, with each
having its own independent set of weights. How-
ever, based on the derived structure, the weights
between these combinations can be shared. Specif-
ically, the function system with 6 CMA{1,2}, 3
MHSA{1,2}, and 9 MLP in MulTs is integrated
to a function system of 3 MHSA{1,2} and 3 MLP .
The computation visualization can be found in the
Subfigure B of Figure 3.

Due to the weight sharing strategy, we call this
fusion method All-Modal-In-One Fusion. Based
on this method and drawing inspiration from clas-
sical MulTs, we designed Graph-Structured and
Interlaced-Masked Multimodal Transformer
(GsiT). The overall architecture of GsiT can be
found in the Subfigure A of Figure 3

6 Inner Decomposition for Efficiency

The space complexity problem of GsiT as follows
might be noticed. As Vm ∈ RTm×dm , where
Tm = Tt+Tv+Ta, dm = d{t,v,a}, we assume that

batch size B ∈ R. Although GsiT reduces the num-
ber of parameters to only 1/3 of MulT, in the run-
time forward pass, the attention map of GsiT can
achieve O((T 2

m)×B) = O((Tt + Tv + Ta)
2 ×B).

However, for MulTs, it is O(TiTj × B), where
{i, j} ∈ {t, v, a}. Similarly, as for the adjacency
matrix generation procedure. For GsiT, the compu-
tational complexity is O((T 2

mdfm)× B), while for
MulTs, it is O(TiTjd

f
m × B). The formal theoreti-

cal analysis of computational and space complexity
is in Appendix B.

Initially, it might seem that GsiT’s complexity
exceeds that of MulTs, which does not align with
Insight 1. This issue can be easily resolved. After
performing the shared qkv (query, key, value) pro-
jections on Vm, we can decompose the sequences
again according to their original lengths and ap-
ply internal operations according to the given IM.
This approach ensures that the space complexity of
the attention map remains the same, while that of
static parameters is reduced to 1/3 of the theoreti-
cal value. This approach is called Decomposition,
and we implement a simple block-sparse kernel to
optimize.

7 Experiment

7.1 Experimental Setup
We aim to check whether GsiT, its corresponding
HMHG concept, and the IM Mechanism can be
broadly applied to multiple models. To this end,
we design comparative experiments between GsiT
and several classic backbone models, and we em-
bed not only GsiT itself but also its HMHG concept
into multiple backbone-level models and MulTs in
an appropriate manner to validate its broad effec-
tiveness. We do not consider the parameters and
computations of pre-trained language models in ef-
ficiency assessments, as these are consistent across
all models. For further details on experimental
settings, please refer to Appendix D.

7.1.1 Datasets
We evaluate GsiT and its HMHG concept on three
widely used public datasets, CMU-MOSI (Zadeh
et al., 2016), CMU-MOSEI (Bagher Zadeh et al.,
2018), CH-SIMS (Yu et al., 2020), and MIntRec
(Zhang et al., 2022). Please refer to Appendix E
for a more detailed description of datasets.

7.1.2 Evaluation Criteria
Following previous works (Yang et al., 2023; Wang
et al., 2024; Lin and Hu, 2024), several evaluation
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metrics are adopted. Binary classification accu-
racy (Acc-2), three classification accuracy (Acc-3),
five classification accuracy (Acc-5), F1 Score (F1),
seven classification accuracy (Acc-7), mean abso-
lute error (MAE), and the correlation of the model’s
prediction with human (Corr). Acc-2 and F1 are
calculated in two ways: negative/non-negative(NN)
and negative/positive(NP) on CMU-MOSI and
CMU-MOSEI datasets. Acc-3 and Acc-5 are
special metrics only for CH-SIMS. In MIntRec,
Acc-20 refers to 20-class classification accuracy,
Prec denotes precision, and Rec represents recall.
Specifically, ’W’ indicates the weighted result, in-
troduced to address dataset imbalance. Addition-
ally, for model efficiency, we provide the number
of parameters Params (M), and floating-point oper-
ations per second FLOPS (G) to evaluate.

7.1.3 Baseline Models
To clarify our approach, in our concept, the core
multimodal fusion module and the learning frame-
work in MSA are recognized as backbone-level
models. MulT (Tsai et al., 2019a), Self-MM (Yu
et al., 2021), TETFN (Wang et al., 2023a), and
ALMT (Zhang et al., 2023) are selected as the
baseline models for comparison. For further eval-
uation on MIntRec, we also incorporate MMIM
(Han et al., 2021).

To validate the state-of-the-art performance of
GsiT, we introduce the original results of LNLN
(Zhang et al., 2024) as a simple baseline for com-
parison (note that we directly cite the results from
the original paper, and therefore do not conduct an
analysis of efficiency).

MulT and Self-MM are widely adopted
backbone-level models, whereas TETFN combines
elements of both MulT and Self-MM within a text-
oriented framework, serving as a pure MulTs-based
model. ALMT, on the other hand, builds upon the
concepts of MulT and attention bottleneck, evolv-
ing into a next-generation MulTs-like architecture.
The source code for these baselines is available
on the GitHub page1, with detailed introductions
provided in Appendix F.

In our experimental setup, we use MulT as the
primary baseline for performance comparison due
to its foundational role in MulTs-based models. Ad-
ditionally, we integrate GsiT with Self-MM, one of
the most prevalent self-supervised learning frame-
works in MSA, to evaluate its effectiveness. Fur-
thermore, we embed HMHG into both TETFN and

1https://github.com/thuiar/MMSA

ALMT—representative MulTs-based and MulTs-
like models—to validate its enhancement capabili-
ties.

7.2 Results

In all tables, double-underline denotes the superior
performance, ↑ denotes that higher is better while
↓ denotes the opposite.

7.2.1 Main Results
The main results of the experiment are shown in 1.

Compared with MulT, GsiT significantly outper-
forms MulT across all metrics while having sub-
stantially fewer parameters without additional com-
putational overhead. This observation also holds
for the other baseline models in our comparison.

This demonstrates that GsiT and its HMHG con-
cept are effective in enhancing performance across
a variety of models. Firstly, as a standalone model,
GsiT already exhibits impressive performance. Sec-
ondly, when integrated as a module into the classic
self-supervised learning framework Self-MM, it no-
tably improves overall performance. Additionally,
replacing the core fusion framework of the MulTs-
based model TETFN with the HMHG form results
in significant improvements in both performance
and efficiency. Finally, modifying the core AHL
module of the MulTs-based architecture ALMT to
the HMHG form also leads to a marked enhance-
ment in performance.

Regarding the efficiency drop observed when
integrating GsiT into Self-MM, it is important to
note that Self-MM, as a self-supervised learning
framework, primarily employs simple linear layers
for multimodal fusion. Consequently, the addi-
tion of GsiT introduces more complex components,
leading to an expected and reasonable decrease in
efficiency.

The Acc-7 in TETFN significantly dropped after
embedding HMHG. This is attributed to the modifi-
cation of the IFM to accommodate the TET module,
as defined in Equation 78, rather than following our
initial design in Equation 5. Although this change
maintained information integrity, it results in re-
peated bi-modality combinations within a single
Encoder, limiting the model’s ability to effectively
integrate multimodal information. For more details,
see Section 7.2.2.

The modest efficiency improvement in ALMT
can be attributed to that it is not a pure MulT-based
model (TETFN is a pure MulT-based model). The
relatively small scale of its AHL module has a
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Table 1: Comparison on CMU-MOSI and CMU-MOSEI. ∆ denotes the numeric changes in metrics, † denotes that
the results are reproduced, , while ∗ denotes that the results are cited from the original paper, and w / denotes with.
In particular, w / GsiT denotes simply adding GsiT into the original model, while w / HMHG denotes embedding
the HMHG concept of GsiT into the original model.

Model CMU-MOSI CMU-MOSEI Efficiency
Acc-2(%)↑ F1(%)↑ Acc-7(%)↑ MAE↓ Corr↑ Acc-2(%)↑ F1(%)↑ Acc-7(%)↑ MAE↓ Corr↑ Params (M) ↓ FLOPS (G) ↓

MulT† 79.6 / 81.4 79.1 / 81.0 36.2 0.923 0.686 78.1 / 83.7 78.9 / 83.7 53.4 0.559 0.740 5.251 26.294
GsiT 83.7 / 85.8 83.6 / 85.8 47.4 0.713 0.794 84.5/ 85.6 84.4 / 85.2 54.1 0.536 0.764 1.695 26.224
∆ +4.1 / +4.4 +4.5 / +4.8 +11.2 -0.210 +0.108 +6.4 / +1.9 +5.5 / +1.5 +0.7 -0.023 +0.024 -67.7% -0.3%

Self-MM† 82.2 / 83.5 82.3 / 83.6 43.9 0.758 0.792 80.8 / 85.0 81.3 / 84.9 53.3 0.539 0.761 11.364 38.413
w/ GsiT 84.6 / 86.0 84.5 / 86.0 47.2 0.730 0.792 81.4 / 85.3 81.9 / 85.2 54.1 0.536 0.762 13.059 64.637
∆ +2.4 / +2.5 +2.2 / +2.4 +3.3 -0.028 - +0.6 / +0.3 +0.6 / +0.3 +0.8 -0.003 +0.001 +13.9% +68.3%

TETFN† 82.4 / 84.0 82.4 / 84.1 46.1 0.749 0.784 81.9 / 84.3 82.1 / 84.1 52.7 0.576 0.728 5.921 27.558
w/ HMHG 83.2 / 85.2 83.1 / 85.2 47.1 0.714 0.807 84.6 / 84.8 84.5 / 84.5 47.6 0.621 0.749 2.365 27.488
∆ +0.8 / +1.2 +0.7 / +1.1 +1.0 -0.035 +0.023 +2.7 / +0.5 +2.4 / +0.4 -5.1 -0.045 +0.021 -60.1% -0.3%

ALMT† 82.1 / 83.3 82.1 / 83.3 45.5 0.730 0.791 81.4 / 83.5 81.6 / 83.3 49.2 0.583 0.731 2.604 19.876
w/ HMHG 83.2 / 84.6 83.1 / 84.5 47.1 0.726 0.782 82.9 / 86.4 83.2 / 86.3 51.5 0.541 0.773 2.506 19.876
∆ +1.1 / +1.3 +1.0 / +1.2 +1.6 -0.004 -0.009 +1.5 / +2.9 +1.6 / +3.0 +2.3 -0.042 +0.042 -3.8% -

LNLN∗ 81.2 / 84.3 81.8 / 84.6 44.6 0.751 0.778 83.6 / 84.1 84.0 / 84.5 50.7 0.572 0.735 - -

Table 2: Additional comparison on CH-SIMS.

Model
CH-SIMS

Acc-2(%)↑ Acc-3(%)↑ Acc-5(%)↑ F1(%)↑ MAE↓ Corr↑
MulT† 77.8 65.3 38.2 77.7 0.443 0.578
Self-MM† 78.1 65.2 41.3 78.2 0.423 0.585
TETFN† 78.0 64.4 42.9 78.0 0.425 0.582
ALMT† 77.2 64.3 42.5 77.6 0.419 0.581
LNLN∗ 75.9 64.0 38.7 79.9 0.458 0.570
GsiT 78.8 65.7 42.2 78.8 0.410 0.588

Table 3: Additional comparison on MIntRec.

Model
MIntRec

Acc-20(%)↑ F1 / F1-W(%)↑ Prec / Prec-W(%)↑ Rec / Rec-W(%)↑
MulT† 71.2 68.2 / 71.1 68.9 / 71.4 68.1 / 71.2
MMIM† 70.8 68.7 / 71.0 69.2 / 71.8 68.9 / 70.8
GsiT 72.6 69.4 / 72.7 69.4 / 73.5 70.1 / 72.6

small impact on the overall model’s computational
overhead. Nevertheless, the performance gains
achieved by incorporating HMHG still demon-
strate the significant benefits of the weight-sharing
scheme provided by the IM mechanism.

The additional experiment on the Chinese
dataset CH-SIMS, as shown in Table 2, highlights
GsiT’s superior performance. In this backbone-
level model comparison, GsiT outperforms both
naive Self-MM and naive MulT across all metrics,
and surpasses ALMT in most of the metrics. Fur-
thermore, when compared with TETFN, which in-
tegrates Self-MM and MulT, GsiT demonstrates its
advanced capabilities in most of the metrics. This
underscores GsiT’s next-level performance as a
backbone multimodal fusion model. Additionally,
these results confirm GsiT’s robust multilingual
capabilities.

Compared with LNLN, GsiT also shows supe-
rior performance on CMU-MOSI, CMU-MOSEI,
and CH-SIMS, demonstrating its state-of-the-art
effectiveness.

Table 4: Ablation Study on CMU-MOSI for GsiT.

Description
CMU-MOSI

Acc-2↑ F1↑ Acc-7↑ MAE↓ Corr↑
Orginal 83.7 / 85.8 83.6 / 85.8 47.4 0.713 0.794
Structure-1 83.5 / 85.5 83.4 / 85.4 46.5 0.721 0.798
Structure-2 83.2 / 84.9 83.2 / 84.9 43.8 0.729 0.796
Structure-3 83.4 / 85.2 83.3 / 85.2 45.5 0.726 0.783
Self-Only 82.5 / 84.2 82.5 / 84.2 45.5 0.734 0.793

Also, the extended experiment on the multi-
modal intent recognition (MIR) dataset MIntRec,
as shown in Table 3, highlights GsiT’s superior
performance. GsiT outperforms MulT and MMIM
across all metrics, demonstrating its strong general-
ization capability in broader multimodal domains.

Additional experiments with more models in
more aspects can be found in Appendix I.

7.2.2 Ablation Study

In this section, we primarily explore the structure
of the Interlaced Fusion Mask (IFM) to investigate
how different graph structures impact the perfor-
mance of the GsiT architecture. At this point, the
Original Structure and Structures 1 to 3 all adhere
to the basic paradigm of HMHG, ensuring that mul-
timodal information remains coherent. In contrast,
the Self-Only variant leads to information disorder.
Here, we define the information fusion operation
from Vj to Vi is as j → i, where {i, j} ∈ {t, v, a}.
Detailed illustration to information disorder can be
found in Section 8.1.

In our concept, each set of bi-modality combi-
nation subgraphs has non-overlapping dominant
modalities, and the combination of dominant and
auxiliary modalities does not repeat regardless of
the order. For instance, the same set will not si-
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multaneously contain Gt,v and Ga,v to prevent the
disorder of temporal sequence information across
modality sequences. Similarly, the same set will
not simultaneously contain Gt,v and Gv,t, even if
their dominant modalities are different, to ensure
that each set’s corresponding module learns the fu-
sion information of the most diverse combinations,
thereby enhancing the fusion performance. Thus,
we designed the Original Structure.

As shown in Table 4, the original structure is
superior to the other three theoretically feasible
structures in most of the metrics, which aligns with
our concept. The four theoretically feasible struc-
tures are superior to the self-only structure, which
is theoretically infeasible and causes information
disorder.

Original Structure: The original structure is de-
fined as two opposing unidirectional ring graphs.
They both realize cyclic all-modal-in-one fusion,
which makes trimodal information fully interact
in shared model weights. The structure is: {t →
v, v → a, a → t}, {a → v, v → t, t → a}.

Structure-1: Structure-1 realizes all-modal-in-
one fusion, but the information passing is not cyclic.
The structure is: {a → v, v → a, a → t}, {v →
t, t → v, t → a}.

Structure-2: Structure-2 realizes all-modal-in-
one fusion, but the information passing is not cyclic.
The structure is: {v → t, t → v, v → a}, {a →
t, t → a, a → v}.

Structure-3: Structure-3 realizes all-modal-in-
one fusion, but the information passing is not cyclic.
The structure is: {a → v, v → a, v → t}, {a →
t, t → a, t → v}.

Self-Only: Self-Only mask only contains masks
intra-modal subgraphs. The structure is {t →
t, v → v, a → a}.

For more specific representations of the afore-
mentioned structures, please refer to Appendix C.

8 Further Analysis

8.1 Information Disorder

Take Gforward
inter as an example.

Gforward
inter =



Ot,t Gt,v

d Ot,a

Ov,t Ov,v Gv,a
d

Ga,t
d Oa,v Oa,a




Gforward′
inter =



Ot,t Gt,v′

d Gt,a′
d

Ov,t Ov,v Gv,a
d

Ga,t
d Oa,v Oa,a




(8)

Figure 4: The loss curve of MulT and GsiT training
phase on CMU-MOSI.

It is important to note that Gt,v
d ̸= Gt,v′

d . The
reason lies in Equation 9, taking the first row block
as an example.
(
Ot,t Gt,v

d Ot,a
)
= S ◦ D

(
J t,t E t,v J t,a

)
(
Ot,t Gt,v′

d Gt,a′
d

)
= S ◦ D

(
J t,t E t,v E t,a

)

(9)
The softmax function operates on a row-wise

basis, converting values to probabilities. Therefore,
if row elements include subgraphs other than the
required modal subgraphs, it will affect the prob-
ability distribution of the desired subgraphs, thus
affecting the result and causing information disor-
der.

For the original Gforward
inter , the fusion process is

as follows:

Vforward
m = Gforward

inter WvVm

=



Ot,t Gt,v

d Ot,a

Ov,t Ov,v Gv,a
d

Ga,t
d Oa,v Oa,a


 ·



WvVt

WvVv

WvVa




=




Ga,t
d WvVt

Gt,v
d WvVv

Gv,a
d WvVa




(10)
However, for the modified version Gforward′

inter .

Vforward′

m = Gforward′
inter WvVm

=



Ot,t Gt,v′

d Gt,a′
d

Ov,t Ov,v Gv,a
d

Ga,t
d Oa,v Oa,a


 ·



WvVt

WvVv

WvVa




=




Ga,t
d WvVt

Gt,v
d WvVv

(Gv,a′
d + Gt,a′

d )WvVa




(11)
This is the cause of information disorder.

8.2 Convergence Analysis
To evaluate convergence, we collected loss decline
curves for MulT and GsiT using early stopping
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Table 5: Weight Distribution.

Model Mean Variance Skewness Kurtosis

GsiT -0.0001 0.0027 0.0016 -0.7616
MulT 0.0000 0.0032 0.0004 -0.8505

(8 times). As shown in Figure 4, both models
converge in the same training rounds, but GsiT
achieves consistently lower loss values in all train-
ing and validation phases, demonstrating superior
convergence and loss optimization capabilities.

8.3 Weight Distribution

As shown in Table 5, GsiT and MulT have means
near zero, minimizing initial biases. GsiT’s lower
variance indicates concentrated weights, reduced
noise sensitivity, and lower overfitting risk. Both
models show near-zero skewness, reflecting sym-
metry and stability. GsiT’s kurtosis, closer to zero
than MulT’s, suggests better extreme value con-
trol and a superior adaptability-stability balance,
enhancing training and generalization. Detailed
visualization can be found in Appendix H.

9 Adjacency Matrix

Figure 5 illustrates a real-time example of the ad-
jacency structure in GsiT, showcasing its dynamic
connectivity patterns. Figure 6 presents the adja-
cency matrix (attention map) of GsiT, visualizing
the learned relationships and interactions within
the model. Both figures highlight GsiT’s ability to
capture and represent complex dependencies effec-
tively.

Notably, the adjacency matrix also reveals the
multimodal alignment, where cross-modal interac-
tions (e.g., v → t) are hierarchically organized,
emphasizing GsiT’s capacity to integrate heteroge-
neous data streams.

Together, these figures underscore the model’s
proficiency in representing both intra-modal and
inter-modal dependencies through HMHG concept-
based attention mechanism.

[CLS] 
A  
lot  
of  
sad 
parts.  
[SEP]

Frown and smile wryly

Smile wryly and look to  
the ceiling disappointedly

Sigh hard as speaking

Figure 5: The realtime example of adjacency of GsiT.

Figure 6: The adjacency matrix of GsiT.

10 Conclusion

This work uncovers that MulTs are essentially
hierarchical modal-wise heterogeneous graphs
(HMHGs). Leveraging this theorem, we propose
an Interlaced Mask (IM) mechanism to develop the
Graph-Structured Interlaced-Masked Multimodal
Transformer (GsiT). GsiT, formally equivalent to
MulTs, achieves efficient weight sharing without
information disorder, enabling All-Modal-In-One
fusion using just 1/3 the parameters of conventional
MulTs and outperforms them significantly. Decom-
position is implemented to make sure this without
additional computational overhead. Experiments
on multiple popular MSA datasets and an addi-
tional MIR dataset, including integrating GsiT and
HMHG into several state-of-the-art models, demon-
strate notable performance and efficiency improve-
ments.

Limitations

While our proposed GsiT and HMHG concept has
shown promising results in multimodal sentiment
analysis, there are some limitations to consider.
Firstly, as shown in Appendix I.4, the performance
of Vanilla Transformers is already quite competi-
tive — although slightly inferior to GsiT, they offer
higher efficiency, are easier to optimize and deploy,
and thus deserve further exploration. We acknowl-
edge that our current study falls short in this regard,
and we plan to investigate this direction more thor-
oughly in future work. Additionally, in the first
level of HMHG and GsiT, which is the multimodal

2196



fusion encoder-pair, we have not utilized represen-
tation learning methods such as contrastive learning
to enhance the representation of the fused informa-
tion in both directions, which is a direction worth
exploring in the future.
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A Formal Lemma and Proof

Following previous research (Tsai et al., 2019a;
Wang et al., 2023a), we use only low-level tem-
poral feature sequences X{t,v,a} as the input for

multimodal fusion. To better illustrate, X{t,v,a}
is considered as the graph vertex sequence (set)
V{t,v,a}. These vertices are then concatenated into a
single sequence Vm = [Vt;Vv;Va]

⊤. Vm is treated
as the multimodal graph embedding (MGE), which
is also regarded as the multimodal vertex set. We
define Wu ∈ Rdu×dfu , where u ∈ {q, k, v}, du is
the original feature dimension of the vertices, dfu is
the attention feature dimension, as the projection
weights for queries, keys, and values of Vm and
Vb
m. The information fusion operation from Vj to

Vi is briefly defined as j → i.
Graph Structure Construction. First, we use

the self-attention mechanism as the fundamental
theory to construct a block attention weight ma-
trix A with modality combinations as units. In A,
E i,j ∈ RTi×Tj , where {i, j} ∈ {t, v, a}, is the at-
tention weight submatrix constructed from Vi and
Vj with i as the query and j as the key-value. It
should be noted that the weight matrix has not yet
been processed by the softmax function and cannot
be used directly.

A = (WqVm) · (WkVm)⊤ =



E t,t E t,v E t,a

Ev,t Ev,v Ev,a

Ea,t Ea,v Ea,a




(12)
Vertex Aggregation. Assume a set of vertex

features V = {v1, v2, . . . , vN}, where vi ∈ RD,
with N being the number of vertices and D the
feature dimension of each vertex.

Based on previous work (Velickovic et al., 2018;
Brody et al., 2022), the Graph Attention Network
(GAT) is defined as follows. GAT performs self-
attention over the vertices, which is a shared atten-
tion mechanism a : RD′ ×RD → R that computes
attention coefficients. Before this, a shared linear
transformation parameterized by a weight matrix
W ∈ RD′×D is applied.

ei,j = a(Wvi,Wvj) = (Wvi) · (Wvj)
⊤ (13)

eij represents the importance of vertex j’s fea-
tures to vertex i. In the most general formulation,
the model allows a vertex to attend to every other
vertex, which discards all structural information.
GAT injects the graph structure into the mechanism
by performing masked attention: it only computes
eij for j ∈ Ni, where Ni is the neighborhood of
vertex i in the graph. To make the coefficients com-
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parable across different vertices, GAT normalizes
them using the softmax function (S):

αi,j = Sj(e
i,j) =

exp(ei,j)∑
k∈Ni

exp(ei,k)
(14)

Thus, the final output feature for each vertex is
defined as follows:

vi =
∑

j∈Ni

αi,jWvj (15)

Then, we extend the mechanism to multi-head
attention. The concatenation operation for feature
dimension tensors is denoted by ∥. L refers to the
number of heads in the multi-head self-attention.

vi =∥Ll=1

∑

j∈Ni

αi,j
l Wlvj (16)

The above equations describe how to effectively
aggregate vertex features by constructing the graph
structure and applying the multi-head self-attention
mechanism.

From Vertex Set to Vertex Aggregation.
Assume there are two vertex sets Vi =
{v1i , v2i , . . . , vNi

i }, where vmi ∈ RDi , and Vj =

{v1j , v2j , . . . , v
Nj

j }, where vnj ∈ RDj . Here, N{i,j}
is the number of vertices in V{i,j}, and D{i,j} is the
feature dimension of each vertex in V{i,j}.

Then, the GAT algorithm is applied to vmi and
vnj . However, instead of using a shared linear trans-
formation, we use two independent weight matri-
ces: the query weight Wm

q ∈ RD′
i×Di and the key

weight Wn
k ∈ RD′

j×Dj . Let Nm denote the set of
indices of vertices in Vj that are connected to vmi .

em,n = a(Wm
q vmi ,Wn

kv
n
j ) (17)

αm,n = Sn(e
m,n) =

exp(em,n)∑
l∈Nm

exp(em,l)
(18)

Next, we compute the final output feature for
vmi . We apply the value weight Wm

v ∈ RD′
i×Di to

transform vnj :

vim =∥Ll=1

∑

n∈Nm

αm,n
l Wn

vl
vnj (19)

Assuming Nm includes all vertices in the vertex
set Vj , i.e., Nm = Nj , the current attention weight
matrix is a vector Gm. Since the two vertex sets
{vmi } and Vj are disjoint, Gm can be seen as the

adjacency matrix of a unidirectional complete bi-
partite graph from the vertex set Vj to the vertex
vmi , which preserves all edges and their weights
between the two vertex sets. The bipartite graph is
represented as follows:

Gm
i,j = ({vmi },Vj ,Gm) (20)

The key and value weights for Vj are denoted as
W{k,v} ∈ RNj×D′

j×Dj . Subsequently, the aggrega-
tion process can be fully defined.

em = a(Wm
q vim,WkVj), Gm = S(em) (21)

vim =∥Ll=1 (Gm
l WvlVj) (22)

Here, the linear transformation weights for ver-
tices are converted to the form of linear transforma-
tion weights for vertex sets by concatenating the
tensors along the time series dimension.

Wk = [W1
k;W

2
k; . . . ;W

Nj

k ] (23)

Wv = [W1
v;W

2
v; . . . ;W

Nj
v ] (24)

From Set to Set Aggregation. Apply the algo-
rithm defined by Equations 19, 21, and 22 to all
vertices in Vi. The aggregation form is now from a
vertex set to another vertex set, thus, we transform
the vertex-to-vertex aggregation into a unidirec-
tional complete bipartite graph aggregation. The
form also changes from scalar attention weights
e to an attention weight matrix E , which we rep-
resent as the adjacency matrix of a unidirectional
complete bipartite graph. The query weights for Vi

are denoted as Wq.

Wq = [W1
q ;W

2
q ; . . . ;W

Ni
q ] (25)

E i,j = a(WqVi,WkVj), Gi,j = S(E i,j) (26)

V ′
i =∥Ll=1 (Gi,j

l WvlVj) (27)

The aggregation process is now equivalent to
the multi-head cross-modal attention mechanism
in MulTs. Similarly, it is also equivalent to the
multi-head cross-attention mechanism in the tradi-
tional Transformer decoder (Vaswani et al., 2017).
Therefore, we introduce the following lemma.
Lemma 2. The multi-head cross-modal atten-
tion mechanism is equivalent to the aggrega-
tion of unidirectional complete bipartite graphs
of bi-modality combination; the multi-head self-
attention mechanism is equivalent to the aggrega-
tion of directed complete graphs of uni-modalities.
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The proof of the lemma is straightforward:
(i) If i ̸= j, the two vertex sets Vi and Vj are

disjoint, and Gi,j , together with the two sets, forms
a unidirectional complete bipartite graph, with the
direction from j to i.

Gi,j = (Vi,Vj ,Gi,j) (28)

Completing the aggregation of Gi,j is equivalent
to performing the multi-head cross-modal atten-
tion calculation between Vi and Vj with Vi as the
dominant modality.

(ii) If i = j, then Vi and Vj are the same set
and are not disjoint. In this case, there is actually
only one set, which we can denote as Vi, with the
adjacency matrix Gi,i. The operation here actually
conforms to the multi-head self-attention mecha-
nism, forming a directed complete graph.

Gi,i = (Vi,Gi,i) (29)

Completing the aggregation of Gi,i is equivalent
to performing the multi-head self-attention calcula-
tion on Vi.

B Computational and Space Complexity

Assuming number of layers as L ∈ R, batch
size as B ∈ R, and MLP weights as W1 ∈
Rdfu×dpu ,W2 ∈ Rdpu×dfu , where u ∈ {m, t, v, a}.
In particular, dfu ≤ dpu, dfm = df{t,v,a}, and
dpm = dp{t,v,a}. We define computational com-

plexity as Ci
u, space complexity as Si

u, where
u ∈ {mult, gsit}, i denotes the function step.

B.1 Computational Complexity
B.1.1 MulT
In this section, we discuss the computational com-
plexity of MulT (Tsai et al., 2019a).

QKV Projection 1: assuming i ∈ {t, v, a}, j ∈
{t, v, a} \ {i}. The computational complexity
Cqkv1
mult is:

Cqkv1
mult = O(

∑
(Tid

f
m

2
+ 2Tjd

f
m

2
))

= O(3(Tt + Tv + Ta)d
f
m

2 × 2)

= O((Tt + Tv + Ta)6d
f
m

2
)

(30)

Attention 1: assuming i ∈ {t, v, a}, j ∈
{t, v, a} \ {i}.

First, generate attention maps, then apply scaling
and softmax function. The computational complex-
ity Cattn1

1
mult is:

Cattn1
1

mult = O(
∑

(TiTjd
f
m + 2TiTj))

= O((TtTv + TtTa + TvTa)(2d
f
m + 4))

(31)
Then, perform aggregation. Cattn1

1
mult is as follows:

Cattn2
1

mult = O(
∑

(TiTjd
f
m))

= O((TtTv + TtTa + TvTa)2d
f
m)

(32)

Thus, the overall complexity is clear.

Cattn1
mult = Cattn1

1
mult + Cattn2

1
mult

= O((TtTv + TtTa + TvTa)(4d
f
m + 4))

(33)
MLP 1: assuming i ∈ {t, v, a}. The computa-

tional complexity Cmlp1
mult is:

Cmlp1
mult = O(

∑
2(Tid

f
mdpm))

= O((Tt + Tv + Ta)2d
f
mdpm)

(34)

QKV Projection 2: assuming i ∈ {t, v, a}. The
computational complexity Cqkv2

mult is:

Cqkv2
mult = O(

∑
(3Ti(2d

f
m)2))

= O((Tt + Tv + Ta)12d
f
m

2
)

(35)

Attention 2: assuming i ∈ {t, v, a}.
First, generate attention maps, then apply scaling

and softmax function. The computational complex-
ity Cattn1

2
mult is:

Cattn1
2

mult = O(
∑

(T 2
i 2d

f
m + 2T 2

i ))

= O((T 2
t + T 2

v + T 2
a )(4d

f
m + 4))

(36)

Then, perform aggregation. The computational
complexity Cattn2

2
mult is:

Cattn2
2

mult = O(
∑

(T 2
i 2d

f
m))

= O((T 2
t + T 2

v + T 2
a )2d

f
m)

(37)

Thus, the overall complexity Cattn2
mult is clear.

Cattn2
mult = Cattn1

2
mult + Cattn2

2
mult

= O((T 2
t + T 2

v + T 2
a )(6d

f
m + 4))

(38)
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MLP 2: assuming i ∈ {t, v, a}. The computa-
tional complexity Cmlp2

mult is:

Cmlp2
mult = O(

∑
2(Ti2d

f
m2dpm))

= O((Tt + Tv + Ta)8d
f
mdpm)

(39)

B.1.2 GsiT
In this section, we discuss the computational com-
plexity of GsiT. Note that Tm = Tt + Tv + Ta.

QKV Projection 1: assuming i ∈ {t, v, a}, j ∈
{t, v, a} \ {i}. The computational complexity
Cqkv1
gsit is:

Cqkv1
gsit = O(3Tmdfm

2 × 3)

= O((Tt + Tv + Ta)6d
f
m

2
)

(40)

Attention 1: assuming i ∈ {t, v, a}.
First, generate attention maps, then apply scaling

and softmax function. If we explicitly add the mask,
it will be exceedingly high in complexity. The
computational complexity Cattn1

1
gsit is:

w / o Decomposition:

Cattn1
1

gsit = O(2T 2
m(dfm + 3))

= O((Tt + Tv + Ta)
2(2dfm + 6))

(41)

However, if we decompose the multimodal se-
quences inside of the procedure, it will be.

w / Decomposition:

Cattn1
1

gsit = O(
∑

(TiTjd
f
m + 2TiTj))

= O((TtTv + TtTa + TvTa)(2d
f
m + 4))

(42)
Then, perform aggregation. The computational

complexity Cattn2
1

gsit is:
w / o Decomposition:

Cattn2
1

gsit = O(2T 2
mdfm − 2×

∑
(T 2

i d
f
m))

= O((TtTv + TtTa + TvTa)2d
f
m)

(43)

w / Decomposition:

Cattn2
1

gsit = O(
∑

(TiTjd
f
m))

= O((TtTv + TtTa + TvTa)2d
f
m)

(44)

Thus, the overall complexity Cattn1
gsit is clear.

w/o Decomposition:

Cattn1
gsit = Cattn2

1
gsit + Cattn2

1
gsit

= O((Tt + Tv + Ta)
2(2dfm + 6)

+ (TtTv + TtTa + TvTa)2d
f
m)

(45)

w/ Decomposition:

Cattn1
gsit = Cattn2

1
gsit + Cattn2

1
gsit

= O((TtTv + TtTa + TvTa)(4d
f
m + 4))

(46)
MLP 1: apply MLP to Tm. The computational

complexity Cmlp1
gsit is:

Cmlp1
gsit = O(2(Tmdfmdpm))

= O((Tt + Tv + Ta)2d
f
mdpm)

(47)

QKV Projection 2: The computational com-
plexity Cqkv2

gsit is:

Cqkv2
gsit = O(3Tm(2dfm)2))

= O((Tt + Tv + Ta)12d
f
m

2
)

(48)

Attention 2: assuming i ∈ {t, v, a}, j ∈
{t, v, a} \ {i}.

First, generate attention maps, then apply scaling
and softmax function. The computational complex-
ity Cattn1

2
gsit is:

w / o Decomposition:

Cattn1
2

gsit = O(Tm
2(2dfm + 3))

= O((Tt + Tv + Ta)
2(2dfm + 3))

(49)

w / Decomposition:

Cattn1
2

gsit = O(
∑

(Ti
22dfm + 2Ti

2))

= O((Tt
2 + Tv

2 + Ta
2)(2dfm + 2))

(50)

Then, perform aggregation.
w / o Decomposition:

Cattn2
2

gsit = O(Tm
22dfm −

∑
(TiTj2d

f
m))

= O((Tt
2 + Tv

2 + Ta
2)2dfm)

(51)

w / Decomposition:
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Cattn2
2

gsit = O(
∑

(Ti
22dfm))

= O((Tt
2 + Tv

2 + Ta
2)2dfm)

(52)

Thus, the overall complexity is clear.
w / o Decomposition:

Cattn2
gsit = Cattn1

2
gsit + Cattn2

2
gsit

= O((Tt + Tv + Ta)
2(2dfm + 3)

+ (Tt
2 + Tv

2 + Ta
2)2dfm)

(53)

w / Decomposition:

Cattn2
gsit = Cattn1

2
gsit + Cattn2

2
gsit

= O((Tt
2 + Tv

2 + Ta
2)(4dfm + 2)

(54)

MLP 2: assuming i ∈ {t, v, a}. The computa-
tional complexity Cmlp2

gsit is:

Cmlp2
gsit = O(2(Tm2dfm2dpm))

= O((Tt + Tv + Ta)8d
f
mdpm)

(55)

B.1.3 Overall Assessment
In the decomposed pattern, the computational com-
plexity of GsiT is equal to that of MulT.

∆C ≡ O(0) (56)

Without the decomposition, the computational
complexity of GsiT exceeds as follows. We ignore
the equal values.

∆C = Cattn1
1

gsit + Cattn1
2

gsit − (Cattn1
1

mult + Cattn1
2

mult )

= O(5(Tt + Tv + Ta)
2

+ (TtTv + TtTa + TvTa)(6d+ 4))
(57)

B.2 Space Complexity
B.2.1 MulT
In this section, we discuss the space complexity of
MulT. We split it into two kinds: Parameter and
Runtime.

QKV Projection 1 (Parameter): The space com-
plexity Sqkv1

mult is:

Sqkv1
mult = O(3dfm

2 × 3) = O(9dfm
2
) (58)

Attention 1 (Runtime): assuming i ∈
{t, v, a}, j ∈ {t, v, a} \ {i}. Due to the decou-
pling in the computational process of different bi-
modality combinations, each combination’s atten-
tion map independently occupies GPU memory
during its computation and is released upon com-
pletion. The space complexity Sattn1

mult is:

Sattn1
mult = O(TiTj) (59)

MLP 1 (Parameter): The space complexity
Smlp1
mult is:

Smlp1
mult = O(2dfmdpm × 3) = O(6dfmdpm) (60)

QKV Projection 2 (Parameter): The space com-
plexity Sqkv2

mult is:

Sqkv2
mult = O(3× 2dfm

2 × 3) = O(36dfm
2
) (61)

Attention 2 (Runtime): assuming i ∈ {t, v, a}.
The space complexity Sattn2

mult is:

Sattn2
mult = O(Ti

2) (62)

MLP 2 (Parameter): The space complexity
Smlp2
mult is:

Smlp2
mult = O(2× 2dfm2dpm × 3) = O(24dfmdpm)

(63)

B.2.2 GsiT
In this section, we discuss the space complexity of
GsiT.

QKV Projection 1 (Parameter): shared weights.
The space complexity Sqkv1

gsit is:

Sqkv1
gsit = O(3dfm

2
) = O(3dfm

2
) (64)

Attention 1 (Runtime): assuming i ∈
{t, v, a}, j ∈ {t, v, a} \ {i}. The space complexity
Sattn1
gsit is:
w / o Decomposition:

Sattn1
gsit = O(T 2

m) = O((Tt + Tv + Ta)
2) (65)

w / Decomposition:

Sattn1
gsit = O(TiTj) (66)

MLP 1 (Parameter): The space complexity
Smlp1
gsit is:
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Smlp1
gsit = O(2dfmdpm) (67)

QKV Projection 2 (Parameter): The space com-
plexity Sqkv2

gsit is:

Sqkv2
gsit = O(3× (2dfm)2) = O(12dfm

2
) (68)

Attention 2 (Runtime): assuming i ∈ {t, v, a}.
The space complexity Sattn2

gsit is:
w / o Decomposition:

Sattn2
gsit = O(Tm

2) = O((Tt + Tv + Ta)
2) (69)

w / Decomposition:

Sattn2
gsit = O(Ti

2) (70)

MLP 2 (Parameter): The space complexity
Smlp2
gsit is:

Smlp2
gsit = O(2× 2dfm2dpm) = O(8dfmdpm) (71)

B.2.3 Overall Assessment
GsiT has 2/3 fewer static parameters compared
to MulT. When using only the Interlaced Mask,
GsiT’s runtime GPU memory usage is significantly
higher than that of MulT. However, by applying
the Decomposition operation, the GPU memory
usage can be reduced to the same level as MulT.
Specifically, take F ∈ {qkv1,mlp1, qkv2,mlp2},
it turns out to be:

Parameter:

∆S1 =
∑

u∈F
Su
mult −

∑

u∈F
Su
gsit

∆S1∑
u∈F Su

mult

=
1

3

(72)

Runtime:
(i) w/o Decomposition: assuming Ta > Tv > Tt.

Runtime space complexity is dynamic and we need
to compare step by step.

Sattn2
gsit −O(Ta

2) ≤∆S2 ≤ Sattn1
gsit −OTtTv

O(Tm
2 − Ta

2) ≤∆S2 ≤ O(Tm
2 − TtTa)

(73)

(ii) w/ Decomposition:

∆S2 ≡ O(0) (74)

C Graph Structures

Original Structure: The original structure is defined
as two opposing unidirectional ring graphs. They
both realize cyclic all-modal-in-one fusion, which
makes trimodal information fully interact in shared
model weights. The structure is: {t → v, v →
a, a → t}, {a → v, v → t, t → a}. The modal-
wise IFMs are:

Mforward
inter =



J t,t Ot,v J t,a

J v,t J v,v Ov,a

Oa,t J a,v J a,a




Mbackward
inter =



J t,t J v,t Oa,t

Ov,t J v,v J v,a

J a,t Oa,v J a,a




(75)

Structure-1: Structure-1 realizes all-modal-in-
one fusion, but the information passing is not cyclic.
The structure is: {a → v, v → a, a → t}, {v →
t, t → v, t → a}. The modal-wise IFMs are:

Mforward
inter =



J t,t J t,v Ot,a

J v,t J v,v Ov,a

Oa,t J a,v J a,a




Mbackward
inter =



J t,t Ov,t J t,a

Ov,t J v,v J v,a

Oa,t J a,v J a,a




(76)

Structure-2: Structure-2 realizes all-modal-in-
one fusion, but the information passing is not cyclic.
The structure is: {v → t, t → v, v → a}, {a →
t, t → a, a → v}. The modal-wise IFMs are:

Mforward
inter =



J t,t Ot,v J t,a

Ov,t J v,v J v,a

J a,t Oa,v J a,a




Mbackward
inter =



J t,t J v,t Ot,a

J v,t J v,v Ov,a

Oa,t J a,v J a,a




(77)

Structure-3: Structure-3 realizes all-modal-in-
one fusion, but the information passing is not cyclic.
The structure is: {a → v, v → a, v → t}, {a →
t, t → a, t → v}. The modal-wise IFMs are:

Mforward
inter =



J t,t Ot,v J t,a

J v,t J v,v Ov,a

J a,t Oa,v J a,a




Mbackward
inter =



J t,t J v,t Ot,a

Ov,t J v,v J v,a

Oa,t J a,v J a,a




(78)
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Self-Only: Self-Only mask only contains masks
intra-modal subgraphs. The structure is {t →
t, v → v, a → a}. The modal-wise IFM is:

Minter =



J t,t Ot,v Ot,a

Ov,t J v,v Ov,a

Oa,t Oa,v J a,a


 (79)

D Experimental Settings

All experiments are based on BERT (Devlin et al.,
2019), and we use the most basic version, bert-base-
uncased, which is used as the text modality encoder.
Following previous works (Peng et al., 2023; Lin
and Hu, 2024), the feature extraction tools of dif-
ferent modalities in each dataset. BERT (Devlin
et al., 2019) for text, OpenFace (Baltrusaitis et al.,
2016), OpenFace 2.0 (Baltrusaitis et al., 2018), and
ResNet50 (He et al., 2016) for vision, COVAREP
(Degottex et al., 2014), LibROSA, and Wav2Vec2
(Baevski et al., 2020) for audio. For each datasets,
the extractors are shown in Table 6.

The reported results are the average of multiple
runs with 5 random seeds to ensure the reliability
and stability of our findings.

All experiments are performed on the platform
equipped with the following computing infrastruc-
tures: GPU: Nvidia GeForce RTX 3060 12G; CPU:
AMD Ryzen 9 5900X 12-Core Processor.

E Datasets

Table 7 shows a brief introduction to the chosen
datasets. The detailed descriptions are as follows.

CMU-MOSI (Zadeh et al., 2016): The CMU-
MOSI is a widely used dataset for human multi-
modal sentiment analysis, containing 2,198 short
monologue video clips. Each clip is a single-
sentence utterance expressing the speaker’s opinion
on a topic like movies. The utterances are manually
annotated with a continuous opinion score ranging
from -3 to +3, where -3 represents highly nega-
tive, -2 negative, -1 weakly negative, 0 neutral, +1
weakly positive, +2 positive, and +3 highly posi-
tive.

CMU-MOSEI (Bagher Zadeh et al., 2018):
CMU-MOSEI is an improved version of CMU-
MOSI, containing 23,453 annotated video clips (ap-
proximately 10 times more than CMU-MOSI) from
5,000 videos, involving 1,000 different speakers
and 250 distinct topics. The dataset also features
a larger number of discourses, samples, speakers,
and topics compared to CMU-MOSI. The range of

labels for each discourse remains consistent with
CMU-MOSI.

CH-SIMS (Yu et al., 2020): The CH-SIMS
dataset includes the same modalities as CMU-
MOSI: audio, text, and video, collected from 2281
annotated video segments. It features data from TV
shows and movies, making it culturally distinct and
diverse. Additionally, CH-SIMS provides multiple
labels for the same utterance based on different
modalities, adding an extra layer of complexity and
richness to the data.

MIntRec (Zhang et al., 2022): The MIntRec
dataset is a fine-grained dataset for multimodal
intent recognition (MIR) with 2,224 high-quality
samples with text, video and audio modalities
across 20 intent categories.

F Baselines

MulT (Tsai et al., 2019a): Multimodal Trans-
former (MulT) achieves cross-modal translation
using a cross-modal Transformer based on cross-
modal attention. It was the first to propose the
comprehensive fusion paradigm defined by Equa-
tion 2.

Self-MM (Yu et al., 2021): Learning Modal-
Specific Representations with Self-Supervised
Multi-Task Learning (Self-MM) designs a multi-
and a uni- task to learn inter-modal consistency
and intra-modal specificity, being one of the most
widely used representation learning frameworks in
the MSA domain.

MMIM (Han et al., 2021): MultiModal Info-
Max (MMIM) hierarchically maximizes mutual
information within unimodal features and between
multimodal fusion features and unimodal features
to obtain emotion-related information.

TETFN (Wang et al., 2023a): Text Enhanced
Transformer Fusion Network (TETFN) strengthens
the role of text modes in multimodal information
fusion through text-oriented cross-modal mapping
and single-modal label generation, and uses Vision-
Transformer pre-training model to extract visual
features.

ALMT (Zhang et al., 2023): The Adap-
tive Language-guided Multimodal Transformer
(ALMT) incorporates an Adaptive Hyper-modality
Learning (AHL) module to learn an unrelated or
conflict-suppressing representation from visual and
audio features under the guidance of language fea-
tures at different scales.

LNLN (Zhang et al., 2024): The Language-
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Table 6: The extractors of the main experiment.

Modal CMU-MOSI CMU-MOSEI CH-SIMS MIntRec

Text bert-base-uncased bert-base-uncased bert-base-chinese bert-base-uncased
Vision OpenFace OpenFace OpenFace2.0 ResNet50
Audio COVAREP COVAREP LibROSA Wav2Vec2

Table 7: Dataset basic information, sample distribution statistics, and data forms for MSA and MIR datasets. Note:
for part Sample Distribution Statistics, data is in format negative (< 0)/neutral (= 0)/positive (> 0) sentiment intensity.
Specifically, for MIntRec, data is in format express emotions / attitudes achieve goals For part Data Forms, data is
in format text / vision / audio.

Description CMU-MOSI CMU-MOSEI CH-SIMS MIntRec

Basic Information

Language English English Chinese English
Unimodal Labels None None T,V,A None

Sample Distribution Statistics

Train 552/53/679 4,738/3,540/8,084 742/207/419 749/585
Validation 92/13/124 506/433/932 248/69/139 249/196
Test 379/30/227 1,350/1,025/2,284 248/69/140 248/197
Total 2,199 22,856 2,281 2,224

Data Forms

Sequence Length(Max) 50/375/500 50/500/500 39/400/55 30/230/480

Average Length(Train) 14/42/38 24/94/149 17/22/158 12/53/116
Average Length(Validation) 14/43/37 25/100/156 17/21/154 12/56/121
Average Length(Test) 16/52/49 25/95/153 17/21/157 13/56/122

Length Variance(Train) 66/927/805 148/5,115/8,105 53/116/6,050 20/562/2,420
Length Variance(Validation) 63/983/658 145/4,626/7,401 48/101/5,358 21/687/2,967
Length Variance(Test) 91/1,773/1,526 141/5,254/8,325 51/108/5,647 24/727/3,175

Feature Dimension 768/20/5 768/35/74 768/709/33 768/256/768
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dominated Noise-resistant Learning Network
(LNLN) addresses incomplete multimodal data by
prioritizing the language modality as sentiment-
dominant. It introduces a Dominant Modality Cor-
rection (DMC) module to mitigate noise via ad-
versarial learning and a Dominant Modality-based
Multimodal Learning (DMML) module for robust
fusion.

G Related Work

Multimodal Sentiment Analysis (MSA) is an in-
creasingly popular research area. The data form of
MSA typically consists of two or more modalities,
with the most widely used form being a tri-modality
combination of text, visual, and audio. Multimodal
fusion is the core issue in the MSA field, and early
models mostly focus on it.

G.1 Earlier Models
Zadeh et al. are among the first to advance this
field, proposing TFN (Zadeh et al., 2017), which
achieves comprehensive multimodal fusion through
Cartesian products. As a variant of TFN, LMF
(Liu et al., 2018) is a more efficient model that
uses a low-rank pattern. However, both methods
neglect the temporal information of non-verbal
modalities. Thus, they propose MFN (Zadeh et al.,
2018) which addresses this issue by designing an
LSTM (Hochreiter, 1997) system to capture tem-
poral information. However, LSTM has multiple
limitations in handling complex NLP tasks, par-
ticularly in representing long-range dependencies
and complex temporal patterns, which has driven
the development of Transformer (Vaswani et al.,
2017)-based models that excel in these areas.

G.2 Multimodal Fusion Oriented Models
With the rise of Transformers, Tsai et al. pro-
posed MulT (Tsai et al., 2019a), which, from the
perspective of modality translation, effectively in-
tegrates multimodal data using Cross-Modal At-
tention (CMA) and Multi-Head Self Attention
(MHSA) and implicitly aligns modality sequences.
Building on MulT, CMA and MHSA, models such
as TETFN (Wang et al., 2023a), ALMT (Zhang
et al., 2023), and AcFormer (Zong et al., 2023)
focus on enhancing the representation capabilities
of non-verbal modalities by leveraging the more
comprehensive and stronger sentiment information
contained in the text modality, thereby achieving su-
perior representation and fusion capabilities. These
models, categorized as MulTs, are among the most

widely used and extensively validated approaches
for multimodal fusion. As multimodal fusion is
the core issue in MSA, MulTs are the backbones
of a bunch of following works (Zhang et al., 2021;
Wang et al., 2023a; Zhang et al., 2023; Zong et al.,
2023; Wu et al., 2024; Wang et al., 2024; Zheng
et al., 2024; Han et al., 2021).

G.3 Finetuning Pretrained Transformers

Except for the aforementioned, fine-tuning pre-
trained Transformers (BERT(Devlin et al., 2019))
with multimodal adaptation gates, such as in MAG-
BERT (Rahman et al., 2020) and its successors
CENet (Wang et al., 2023b), HyCon (Mai et al.,
2023b).

G.4 Representation Learning-based Models

There are also models focusing on enhancing
model robustness and representation through repre-
sentation learning-based methods like MFM (Tsai
et al., 2019b), Self-MM (Yu et al., 2021), Con-
FEDE (Yang et al., 2023), and MTMD (Lin and
Hu, 2024), and combining multimodal Transform-
ers with representation learning in models such
as TETFN (Wang et al., 2023a) and MMML (Wu
et al., 2024), have all shown significant improve-
ments in MSA tasks

G.5 Graph-based Models

Graph-based models have gained significant atten-
tion in the MSA field. Representative approaches
include pure graph neural network models such
as GPFN (Mai et al., 2023a), which leverages
graph convolution and pooling, and MTAG (Yang
et al., 2021), which utilizes attention graphs. Addi-
tionally, graph theory-based Transformer models
like HHMPN (Zhang et al., 2021), a hierarchical
model integrating MulT and message-passing rout-
ing, have also been explored.

G.6 GsiT Explanation

Our proposed GsiT is a graph theory-based Trans-
former model. It combines the prior structural
advantages of graph models for multimodal fu-
sion with the powerful representational capacity of
Transformers, effectively balancing efficiency and
performance. Unlike traditional message-passing
methods, our fusion process is executed in paral-
lel, employing a prior structure designed as the
Interlaced Mask.

2207



GsiT

MulT

Statistic
Charts

A B C

Figure 7: Parameter statistics of GsiT and MulT. A: Multimodal Fusion Encoder (backward); B: Multimodal Fusion
Encoder (forward); C: Intra Enhancement Encoder.

H Weight Regularity

As shown in Figure 7, both MulT and GsiT exhibit
similar weight value distributions in the multimodal
fusion encoders, with minimal differences, indi-
cating a consistent multimodal fusion process in
terms of weight distribution. However, in the intra-
enhancement encoder, GsiT shows a notably lower
kurtosis compared to MulT, suggesting that the
weights are more evenly distributed and closer to
a normal distribution. This indicates that GsiT has
higher regularity, reducing the likelihood of overfit-
ting and improving model generalization. To make
the weight distributions comparable, we extracted
corresponding combinations from MulT in a man-
ner consistent with GsiT. Each combination set in
MulT consists of three bi-modality combinations,
and we analyzed the overall weight distribution of
these sets.

I Additional Experiments

I.1 Additional Baselines

The additional baselines chosen for the additional
experiments are introduced as follows.

LMF (Liu et al., 2018): Low-Rank Multimodal
Fusion (LMF) method, which leverages low-rank
tensors for efficient multimodal fusion and has

demonstrated competitive performance across mul-
tiple tasks while significantly reducing computa-
tional complexity.

Vanilla Transformer (Vaswani et al., 2017): In-
spired by MERBench (Lian et al., 2024), we im-
plemented a customized baseline approach where
textual, visual, and audio features are concatenated
along the sequence dimension to form a unified
multimodal sequence. This sequence is directly
fed into a vanilla Transformer encoder without any
modality-specific adaptations, serving as a fusion
method to investigate the Transformer’s intrinsic ca-
pability for implicit cross-modal relationship learn-
ing.

I.2 Additional Datasets
The additional datasets chosen for the additional
experiments are introduced as follows.

CH-SIMSv2 (Liu et al., 2022): CH-SIMS v2 is
an enhanced multimodal sentiment analysis dataset
that doubles the original size with 2121 refined
video segments and 10161 unlabelled clips, em-
phasizing non-verbal cues through rich acoustic
and visual annotations to better support sentiment
prediction.

The feature extractors are shown as follows.

• Text: BERT (bert-base-uncased) (Devlin et al.,
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Table 8: Comparison on CMU-MOSI and CMU-MOSEI. † denotes that the results are reproduced, while ∗ denotes
that the results are cited from the original paper.

Model CMU-MOSI CMU-MOSEI
Acc-2(%)↑ F1(%)↑ Acc-7(%)↑ MAE↓ Corr↑ Acc-2(%)↑ F1(%)↑ Acc-7(%)↑ MAE↓ Corr↑

GsiT 83.7 / 85.8 83.6 / 85.8 47.4 0.713 0.794 84.5/ 85.6 84.4 / 85.2 54.1 0.536 0.764
MulT† 79.6 / 81.4 79.1 / 81.0 36.2 0.923 0.686 78.1 / 83.7 78.9 / 83.7 53.4 0.559 0.740
Vanilla† 81.8 / 83.5 81.8 / 83.6 47.8 0.731 0.765 82.1 / 85.6 82.7 / 85.7 53.2 0.545 0.766
LNLN∗ 81.2 / 84.3 81.8 / 84.6 44.6 0.751 0.778 83.6 / 84.1 84.0 / 84.5 50.7 0.572 0.735

Table 9: Comparison on CH-SIMS and CH-SIMSv2. † denotes that the results are reproduced, while ∗ denotes that
the results are cited from the original paper.

Model CH-SIMS CH-SIMSv2
Acc-2(%)↑ F1(%)↑ Acc-3(%)↑ Acc-5(%)↑ MAE↓ Corr↑ Acc-2(%)↑ F1(%)↑ Acc-3(%)↑ Acc-5(%)↑ MAE↓ Corr↑

GsiT 78.8 78.8 65.7 42.2 0.410 0.588 79.6 79.7 73.0 53.6 0.323 0.693
MulT† 77.8 77.7 65.3 38.2 0.443 0.578 78.3 78.4 70.7 51.6 0.309 0.717
Vanilla† 77.9 78.0 63.5 38.7 0.434 0.562 78.1 78.2 73.1 52.1 0.332 0.697
LNLN∗ 75.9 79.9 64.0 38.7 0.458 0.570 - - - - - -

Table 10: Additional efficiency comparison on CMU-
MOSI.

Model
CMU-MOSI

F1(%)↑ MAE↓ Params (M) ↓ FLOPS (G) ↓
GsiT 83.6 / 85.8 0.713 1.695 26.224
MulT† 79.1 / 81.0 0.923 5.251 26.294
MulT (8-bit)† 79.1 / 81.0 0.923 1.417 26.294
LMF† 79.1 / 81.0 0.923 0.505 1.062

2019)

• Vision: TalkNet (Tao et al., 2021)

• Audio: OpenSMILE (Eyben et al., 2010)

I.3 Efficiency Experiment

As shown in the Table 10, GsiT significantly out-
performs both LMF and MulT in terms of perfor-
mance. Although its efficiency is not comparable
with LMF, it remains far superior to MulT and is
comparable to the quantized version of MulT. GsiT
achieves an effective balance between efficiency
and model performance.

I.4 Performance Experiment

As shown in Tables 8 and 9, the performance of
the Vanilla Transformer (Vanilla) is quite impres-
sive—although slightly inferior to GsiT, it still out-
performs MulT and at the same level of LNLN.
Considering that it uses only a single set of weights,
its efficiency is even higher than that of GsiT, and
it is also easier to optimize. This suggests that it
is a promising direction for future research. One
potential avenue is the design of an effective mul-
timodal positional encoding scheme, which could

enable fusion modules to better distinguish the het-
erogeneous multimodal contexts arising from sim-
ple concatenation of multimodal features.
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