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Abstract
The heart of multimodal learning research lies the
challenge of effectively exploiting fusion repre-
sentations among multiple modalities. However,
existing two-way cross-modality unidirectional at-
tention could only exploit the intermodal interac-
tions from one source to one target modality. This
indeed fails to unleash the complete expressive
power of multimodal fusion with restricted num-
ber of modalities and fixed interactive direction.
In this work, the multiway multimodal transformer
(MMT) is proposed to simultaneously explore mul-
tiway multimodal intercorrelations for each modal-
ity via single block rather than multiple stacked
cross-modality blocks. The core idea of MMT
is the multiway multimodal attention, where the
multiple modalities are leveraged to compute the
multiway attention tensor. This naturally benefits
us to exploit comprehensive many-to-many mul-
timodal interactive paths. Specifically, the multi-
way tensor is comprised of multiple interconnected
modality-aware core tensors that consist of the in-
tramodal interactions. Additionally, the tensor con-
traction operation is utilized to investigate inter-
modal dependencies between distinct core tensors.
Essentially, our tensor-based multiway structure al-
lows for easily extending MMT to the case as-
sociated with an arbitrary number of modalities.
Taking MMT as the basis, the hierarchical net-
work is further established to recursively transmit
the low-level multiway multimodal interactions to
high-level ones. The experiments demonstrate that
MMT can achieve state-of-the-art or comparable
performance.

1 Introduction
Multimodal learning is a very actively growing field of re-
search, which has witnessed many significant advances in

∗Equal contribution
†Corresponding author: Wanzeng Kong

sentiment analysis and speaker personality recognition [Ain
et al., 2017]. Indeed, the multimodal signals such as text
modality, visual modality, and acoustic modality consist of
complementarity and consistency. Consequently, the heart of
multimodal learning lies the challenge of effectively account-
ing for the both intra-modality and inter-modality intercorre-
lations among multiple modalities.

More recently, with the advent of self-attention mecha-
nism, transformer-based fusion frameworks [Soleymani et
al., 2017] have been extensively employed for exploiting the
long-range dependencies of modalities. For instance, MISA
[Hazarika et al., 2020] and MAG [Rahman et al., 2020] lever-
age self-attention to retrieve the contextual embeddings of
textual modality. Note that, the self-attention focuses on
highlighting the intra-modality dependencies within the in-
dividual modality, leading to a lack of explicit interaction
among different modalities. On the basis of conventional self-
attention, MulT [Tsai et al., 2019] proposes a novel cross-
modality two-way attention component, which benefits the
model to directly explore the explicit cross-modality inter-
correlations within two-way space. However, the unidirec-
tional cross-modality attention could only exploit the inter-
modality interactions from one source to one target modal-
ity. Therefore, the above architectures have shown the lim-
itation in offering the much more representative capabil-
ity with the fixed interactive direction and restricted num-
ber of involved modalities, e.g., only up to two modalities.
This indeed overlooks the complex and essential global in-
teractions among more modalities, which results in the in-
formation loss and the deterioration of prediction. Essen-
tially, their model attempt to sequentially stack distinct two-
way cross-modality attention blocks into the hierarchical one
for the multimodal learning task, ie., (text → visual) →
acoustic. Intuitevely, this sequential one-to-one procedure
{Modalityi} → {Modalityj} would lead to the significant
increase of cost in computation and memory.

To overcome the above underlying research issues, we
propose the multi-way multi-modal Transformer (MMT),
a method that extends the standard Transformer frame-
work to analyze multiple modalities simultaneously.
The core idea of MMT is the tensor-based multiway
multimodal attention, which provides an M-dimension
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Figure 1: Comparison of MMT with existing crossmodal attention model. In our model, multiway multimodal attention is proposed to
exploit multiple modality-aware multimodal intercorrelations simultaneously via the single block. Note that, compared to the two-way
attention model, MMT is able to provide a multiway attention space that consists of many-to-many interactive paths, which significantly
boosting the expressive capability and efficiency of the learning model.

attention space that consists of many-to-many multi-
modal interactive paths {Modality1, · · · ,ModalityM} →
{Modality1, · · · ,ModalityM}, where M indicates the
modality number. This naturally contributes to both intra-
modality and complex inter-modality interactions. Thanks
to the low-rank tensor fashion, the proposed module has the
superior capability to simultaneously explore the multiway
multimodal attention space for each modality within the
single attention block rather than multiple stacked cross-
modality blocks. Indeed, the presented fashion allows for all
the potential and comprehensive multiway interactions, as
well as a much lighter model. It is important to note that,
compared to the existing two-way attention module, the
tensor-based multiway structure naturally provides us the
great flexibility to extend MMT to the case associated with
an arbitrary number of modalities. Intuitively, MMT is able
to scale linearly in the number of modalities. Subsequently,
taking MMT as the basis, the hierarchical architecture is
established to transmit the low-level multiway multimodal
intercorrelations to the high-level sophisticated presentation
with the recursive fashion.

= ≈

Figure 2: For the tensor-ring basedQ, the corresponding entries are
expressed as qtt,tv,ta = tr(G
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2 Related Work
2.1 Non-attention based Model
RMFN [Liang et al., 2018] introduced the RNN to process the
data with the multistage fusion method. BC-LSTM [Poria et

al., 2017] presented a bi-directional LSTM to exploit the tem-
poral dependencies. MV-LSTM [Rajagopalan et al., 2016]
and Self-MM [Yu et al., 2021] utilized the multi-view (multi-
task) strategy to compute sentiment information. Analo-
gously, ICCN [Sun et al., 2020], DF [Nojavanasghari et al.,
2016] and MISA attempt to capture the correlations across
multiple modalities via similarity bock. Moreover, tensor-
based works such as TFN [Zadeh et al., 2017] and LMF [Liu
et al., 2018] proposed a multi-dimension fusion fashion to
explicitly highlight multimodal intercorrelations among mul-
tiple messages.Nevertheless, the above frameworks fail to ef-
fectively draw the long-range temporal dependencies along
the sequence.

2.2 Attention-based Model

Compared to the above models, the attention-based network
such as MFM [Tsai et al., 2018] is able to model long-range
dependencies of the modality. RAVEN [Wang et al., 2019]
proposed a multimodal attention gating block. Similarly,
MAG proposed the multimodal attention gating component.
MCTN [Pham et al., 2019] utilized the cyclic translation net-
work to investigate multimodal representations. MFN [Zadeh
et al., 2018a] leveraged the Delta-memory attention to ana-
lyze the private modality portion. On the contrast, MARN
[Zadeh et al., 2018b] employed multimodal attention to high-
light cross-modality dynamics. MEMI [Wu et al., 2020] in-
troduced the cross-modality attention to measure the two-
way interactions. Additionally, MulT presented the two-way
cross-modality attention to exploit the inter-modality unidi-
rectional interactions. However, the above manners fail to ex-
ploit all the potential and comprehensive multimodal interac-
tions, due to the fixed interactive direction and restricted num-
ber of involved modalities (only up to two modalities). Es-
sentially, the existing models attempt to stack multiple cross-
modality blocks into the hierarchical one for realizing the
multimodal learning task, thus suffering from the significant
increase of computational complexity and memory.
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Figure 3: Multiway Multimodal Attention Block: Given the modality presentations Xi, the proposed attention block attempts to exploit the
multiway attention space QK that consists of many-to-many interactive paths {X1, · · · , XI} → {X1, · · · , XI}. This indeed brings forth
the much more comprehensive and sophisticated multimodal intercorrelations, as well as the boost of expressive capability.

3 Methodology
3.1 Preliminaries
In this part, we attempt to introduce the notation of the tensor
network utilized in our model, and present in detail the con-
ventional self-attention and cross-modality attention mecha-
nism.

Tensor Network
Multi-dimensional array can be represented by tensor.
Specifically, an N th-order tensor S ∈ RI1×···×IN has
N dimensions, and the specific entry of S is denoted by
si1,i2,··· ,iN = S(i1, i2, · · · , iN ), where iN ∈ {1, 2, · · · , IN}.
Additionally, the tensor network - Tensor Ring can be further
employed to decompose the higher-order tensor S into the
low-rank case. That is to say, a set of interconnected lower-
rank tensors (core tensors) JG(1), · · · ,G(N)K could be utilized
to represent S . Notation JK is a simplified version of tensor
ring decomposition. Note that, the hadamard product denoted
as ~ and the mode-1 Khatri-Rao product denoted as �1 are
the essential operators in tensor analysis. Given two tensors
A ∈ RI1×I2×I3 and B ∈ RI1×I2×I3 , the hadamard product
yieds a 3-order tensor C = A ~ B ∈ RI1×I2×I3 with entries
C(i1, i2, i3) = A(i1, i2, i3)B(i1, i2, i3). Given two matrixes
A ∈ RN×P1 and B ∈ RN×P2 , the mode-1 Khatri-Rao prod-
uct yieds a matrix C = A�1 B =∈ RN×P1P2 .

Self-attention and Cross-modality Attention
At the heart of Transformer is the self-attention mechanism,
which attends to the long-range dependencies within the uni-
modality sequence. More specifically, Transformer is com-
prised of query, key and value matrix denoted as Q, K, V
respectively. Considering the modalities set {Audio, Video,
Text}, the utterance-level presentation are represented as
Xa ∈ RTa×da , Xv ∈ RTv×dv , and Xt ∈ RTt×dt , re-
spectively. In practice, Ti is utilized to denote sequence
length, and di refers to the feature dimension. The corre-
sponding audio-based self-attention procedure can be written
as:Attention(Qa,Ka, Va) = softmax(

QaK
T
a√

dk
)Va, which

only focus on the intra-modality correlations from the uni-
modality feature space.

On the basis of self-attention mechanism, MulT proposed
the cross-modality attention mechanism, which performs the
unidirectional cross-modal adaption within the two-way fu-
sion space that consists of two corresponding modalities. For
instance, the adaption text(t) → audio(a) can be written
as Attention(Qa,Kt, Vt) = softmax(

QaK
T
t√

dk
)Vt, which at-

tends to the inter-modality correlations. Note that, the two-
way cross-modality attention requires 4 transformer blocks
{MulTt→a, MulTa→t, MulTa→a, MulTt→t} to obtain
the cross-modality dependencies that consist of both intra-
modality and inter-modality interactions. More importantly,
the extension of MulT to M modalities would require M2

transformer blocks, which results in the significant increase
of computations and storage.

3.2 Multi-way Multi-modal Transformer
In this paper, tensor-based multi-way multi-modal atten-
tion is proposed to produce the rich representations for
each modality by simultaneously paying attention to all
the potential multiway interactions. Overall, our proposed
MMT could accepts multiple inputs {Xa, Xv, Xt}, and pro-
duces the modality-aware multiway multimodal fusion out-
puts {Ya−aware, Yv−aware, Yt−aware}.

Given modality presentation {Xt, Xv , Xa}, we first adopt
a tensor-ring based generation function for retrieving the mul-
tiway multimodal query tensor Q = JG(t)Q ,G(v)Q ,G(a)Q K ∈
RTa×Tv×Tt and key tensor K = JG(t)K ,G(v)K ,G(a)K K ∈
RTa×Tv×Tt . Note that, the tensor ring format naturally pro-
vides us the benefit of efficiently measuring the attention
score on the low-rank core tensors (G(i)Q ∈ RTi×Rw×Rs ,

G(i)K ∈ RTi×Rw×Rs ) rather than original large tensors (Q ,
K), contributing to the great decrease of model storage and
complexity, where the index i ∈ {a, v, t}. Note that, Rw and
Rs refer to the tensor-ring rank, the index w and s ∈ {1, 2, 3},
and w 6= s. The above function can be formulated as:

G(i)Q = reshape((XiW
(1)
Qi

)�1 (XiW
(2)
Qi

)) (1)

where the linear transformation matrixes {W (1)
Qi
∈ Rdi×Rw ,
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W
(2)
Qi
∈ Rdi×Rs} are utilized to account for the low-rank pro-

jection of input. Additionally, the mode-1 Khatri-Rao product
�1 is introduced to incorporate the low-rank projections into
the modality-aware core tensor G(i)Q . Similarly, the key tensor
K is received based on the same generation procedure.

Based on the above query tensor Q and key tensor K with
the tensor ring format, the multiway multimodal attention
procedure can be presented as follows:

MMT (Q,K) =MMT (JG(t)Q ,G(v)Q ,G(a)Q K, JG(t)K ,G(v)K ,G(a)K K).
(2)

Then, the Hadamard product ~ is introduced to analyze the
similarity between G(i)Q and G(i)K , which allows for exploit-

ing modality-based attention spaces G(i)QK ∈ RTi×Rw×Rs in
parallel. Indeed, above process is analogous to self-attention
process (QKT ) in the standard Transformer framework. This
naturally results in the multiway multimodal attention tensor
QK = JG(t)QK ,G

(v)
QK ,G

(a)
QKK ∈ RTa×Tv×Tt . The attention core

tensor G(i)QK are presented as follows:

G(i)QK = G(i)Q ~ G(i)K (3)

Subsequently, the corresponding attention pooling ma-
trixes M (i)

QK ∈ RRw×Rs are captured by averaging the G(i)QK

along the temporal dimension (Ti), where each element of
M

(i)
QK is comprised of the intra-modality temporal dependen-

cies. Notably, the M (i)
QK are then transmitted to the next pro-

cess for integrating the distinct intra-modality attribution into
the multi-way multi-modality attention message.

M
(i)
QK = average(G(i)QK(:, j, p)), 1 ≤ j ≤ Rw, 1 ≤ p ≤ Rs (4)

Given the modality-based attention pooling matrixes
M

(i)
QK , we now attempt to explore the modality-aware mul-

tiway multimodal attention attent, attenv and attena. The
detailed process is formulated as:

atteni = linear(G(i)QK ×
1
3 M

(j1)
QK ×

1
3 · · · ×1

3 M
(jM−1)

QK ) ∈ RTi×di

(5)

where atteni refer to the modality-aware multiway multi-
modal attention matrix, ’M’ is the modality number, i ∈
{a, v, t}, jm ∈ {a, v, t}, and jm 6= i. Moreover, oper-
ation ×m

n refers to the mode-(mn ) product (tensor contrac-
tion operation). More specifically, the mode -(13) product
of tensor G(t)QK and matrix M

(a)
QK , with the common mode

R3, yields a 3-order cross-modality attention tensor is of
Tt × R2 × R1. Actually, the above process allows us
to efficiently compute the cross-modality attention space,
e.g., (G(t)QK ×1

3 M
(a)
QK), which effectively highlights the inter-

correlations between text and audio modality. Compared to

the conventional cross-modality two-way attention that only
focuses on the inter-modality interactive path, our method si-
multaneously attends to the both intra-modality and complex
inter-modality interactive paths. Then, the mode -(13) prod-
uct of the above 3-order tensor (G(t)QK ×1

3 M
(a)
QK) and matrix

M
(v)
QK , with the common mode R1, yields a 3-order tensor is

of Tt × R2 × R2. Intuitively, above procedure allows the
cross-modality tensor further absorb the contribution from
video modality, contributing to the comprehensive many-
to-many multimodal interactive paths {t, a, v} → {t, a, v}.
Note that, {t, a, v} → {t, a, v} is comprised of the compre-
hensive many-to-many multimodal interactive paths, which
could provide intra-modality and complex inter-modality in-
teractions simultaneously. More specifically, Xi → Xi refer
to the intra-modality interactions, and Xi → Xj refer to the
inter-modality interactions (i 6= j), where i, j ∈ {t, a, v}.
Then, the linear projection function is further applied to re-
trieve the text-aware multiway multimodality attention matrix
attent.

In an addition, the modality-aware multiway multimodal-
ity presentation is achieved with the help of corresponding
multiway attention matrix and a parameter a. Note that, a is
introduced to blend the contribution of modality-aware mul-
tiway multimodality message and the original modality infor-
mation, leading to the much more comprehensive multimodal
representation.

Yi−aware = atteniXi + aXi ∈ RTi×di (6)

Note that, the tensor-ring function allows us to exploit
inter-modality attention from low-rank small core tensors
rather than original Mth-order large tensor, where M is the
number of modality. This indeed significantly reduce the
complexity and storage. If tensor-ring function is done af-
ter getting attention, the number of parameters of Mth-order
tensor grows exponentially with ‘M’, i.e., parameters = 2 ×
T1 × T2×, · · · ,×TM .
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Figure 4: The hierarchical framework associated with N stacked
MMTs. The proposed network allows us to transmit the low-level
multiway multimodal intercorrelations to the high-level compact
presentation with the recursive manner.
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3.3 Hierarchical Architecture
On the basis of MMT, a hierarchical architecture was pro-
posed for transmitting the low-level multiway multimodal
intercorrelations to the much more comprehensive and ex-
pressive high-level intercorrelations with the recursive fash-
ion. As illustrated in Figure 4, the proposed framework
is comprised of N stacked MMT blocks. Specifically, the
first MMT accepts the inputs {Xa, Xv, Xt} and computes
the modality-aware multiway multimodal presentation out-
puts set {Ya−aware, Yv−aware, Yt−aware}. Subsequently, the
next MMT takes the outputs of the previous MMT as the in-
puts, and latently performs the similar multiway multimodal
attention procedure. As a result, the much more comprehen-
sive and expressive multimodal intercorrelations can be iden-
tified and transmitted to the high-level layer via hierarchical
structure. The overall recursive procedure is formulated as
follows:

[Y
(1)
a−aware, Y

(1)
v−aware, Y

(1)
t−aware] =MMT (1)(Xa, Xv, Xt)

[Y
(i+1)
a−aware, Y

(i+1)
v−aware, Y

(i+1)
t−aware]

=MMT (i+1)(Y
(i)
a−aware, Y

(i)
v−aware, Y

(i)
t−aware), i ∈ [1, N ] (7)

Note that, due to the tensor-based multiway atten-
tion strategy, the (i + 1) − th layer of the proposed
hierarchical architecture is able to accept the inputs
{Y (i)

a−aware, Y
(i)
v−aware, Y

(i)
t−aware} from the previous i − th

layer recursively. That is to say, the presented multiway
scheme indeed provides great expressive capability and flexi-
bility of the learning model, giving each layer the strong abil-
ity to efficiently perform similar multiway multimodal atten-
tion based on the previous multiple outputs.

4 Experiments Setups
4.1 Datasets
The public sentiment benchmark CMU-MOSI [Zadeh et al.,
2016] is comprised of the aligned and preprocessed audio,
video and text modality. CMU-MOSI consists of 2199 opin-
ion video clips. Each clip is annotated with the correspond-
ing sentiment intensity in the range of [-3, +3], spanning from
the strongly negative to the strongly positive sentiments. The
2199 clips are spilt into 1284 train samples, 229 validation
samples, and 686 test samples. The POM dataset [Park et
al., 2014] contains 903 movie opinion videos, which attends
to the speaker trait recognition. Each video is annotated for
following speaker traits with the strength score [1, 5] or [1,
7] : confident (con), passionate (pas), dominant (dom), vivid
(viv), expertise (exp), entertaining (ent), and etc. The divi-
sion of the train, validation and test sets is 600, 100 and 203,
respectively.

4.2 Features and Evaluation Metrics
The modality features are leveraged in the same way as
MEMI and MAG. The evaluation metrics are demonstrated
as follows: 1) Mean Absolute Error (MAE) (lower is better);
2) Pearson’s correlation (corr); 3) Binary Accuracy (Acc-2);
4) F1-Score (F1); 5)7-class Accuracy (Acc-7). Note that, two

distinct manners are introduced to represent Acc-2 and F1:
1) negative/non-negative classification attached with the la-
bel [-3, 0) and [0, 3] [Zadeh et al., 2018b] 2) negative/positive
classification attached with the label [-3, 0) and (0, 3] [Tsai et
al., 2019]. The marker -/- is employed to distinguish the dis-
tinct strategies, where the left-side value refer to 1) and the
right-side value stands for 2).

4.3 Comparisons
We introduce the non-attention and attention based models as
the baselines. Non-attention based: RNN-based multistage
fusion network (RMFN), Bi-directional LSTM (BC-LSTM),
Multi-view LSTM (MV-LSTM), Interaction Canonical Cor-
relation Network (ICCN), Modality-Invariant and -Specific
Representations for Multimodal Sentiment Analysis (MISA),
Tensor Fusion Network (TFN), Low-rank Multimodal Fusion
(LMF), Deep multimodal fusion (DF). Attention-based: Re-
current Attended Variation Embedding Network (RAVEN),
Multimodal Adaptation Gate (MAG), Multimodal Cyclic
Translation Network (MCTN), Memory Fusion Network
(MFN), Multi-attention Recurrent Network (MARN), Mul-
timodal Factorization Model (MFM), Multimodal Explicit
Many2many Interactions(MEMI), Multimodal Transformer
(MulT), Self-Supervised Multi-task Multimodal model (Self-
MM).

4.4 Training Details and Model Complexity
The grid-search is performed over the hyper-parameters to
find the model with the best validation task loss. The range
of key hyper-parameters are summarized as follows: layer [2,
7], tensor rank [2, 8], residual parameter α [0.1, 0.7]. The
complexity of baselines built upon Bert are summarized as
follows: MulT (O(M2 × d2i × Ti)), TFN (O(dy

∏M
i=1 di)),

LMF (O(dy × Rw ×
∏M

i=1 di)), MISA(O(M × d2i × Ti)),
MAG(O(

∏M
i=1 Ti×di)), ICCN(O(M ×Ti×d2i )). Note that,

the complexity of our ’MMT’ is O(M × di×Ti(Rw +Rs)),
where di>Rw(Rs). Note that our approach use smaller
model rather than larger model, while achieving better per-
formance.

5 Experiments Results and Analysis
5.1 Performance Comparison with State-of-the-art

Models
Firstly, we analyze the performance between our MMT and
the state-of-the-art baselines. The bottom rows in Table 1 and
Table 2 illustrate the results of our model. Note that ⊗ from
[Tsai et al., 2019];

a
from [Sun et al., 2020]. As shown in Ta-

ble 1 (CMU-MOSI), we can find that MMT exceeds the pre-
vious best MAG on all metrics. Particularly, our MMT out-
performs the previous best MISA on the ’Acc-7’ by a margin
of 5.9%. It is interesting to observe that, our MMT obtains the
much better ’MAE’ (lower is better) than the two-way cross-
modality attention model MulT (Bert), with a large margin of
20.4%. As shown in Table 2 (POM), MMT exceeds the MulT
on the ’Corr’ of Con by a margin of 14.3%. This indeed im-
plies the superior expressive capability and efficiency of the
proposed multiway multimodality attention mechanism and
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Models CMU-MOSI
MAE(↓) Corr(↑) Acc-2(↑) F1(↑) Acc-7(↑)

BC-LSTM 1.079 0.581 73.9/- 73.9/- 28.7
MV-LSTM 1.019 0.601 73.9/- 74.0/- 33.2
RMFN⊗ 0.922 0.681 78.4/- 78.0/- 38.3
RAV EN⊗ 0.915 0.691 78.0/- 76.6/- 33.2

MFN 0.965 0.632 77.4/- 77.3/- 34.1
MARN 0.968 0.625 77.1/- 77.0/- 34.7

TFN 0.970 0.633 73.9/- 73.4/- 32.1
LMF 0.912 0.668 76.4/- 75.7/- 32.8

MCTN⊗ 0.909 0.676 79.3/- 79.1/- 35.6
MFM⊗ 0.951 0.662 78.1/- 78.1/- 36.2

Bert 0.739 0.782 83.5/85.2 83.4/85.2 -
MulT 0.871 0.698 -/83.0 -/82.8 40.0

TFN(Bert)
a

0.901 0.698 -/80.8 -/80.7 34.9
LMF (Bert)

a
0.917 0.695 -/82.5 -/82.4 33.2

MulT (Bert) 0.861 0.711 81.5/84.1 80.6/83.9 -
ICCN (Bert) 0.860 0.710 -/83.0 -/83.0 39.0
MISA (Bert) 0.783 0.761 81.8/83.4 81.7/83.6 42.3
MAG (Bert) 0.712 0.796 84.2/86.1 84.1/86.0 -

Self-MM (Bert) 0.713 0.798 84.0/85.98 84.42/85.95 -

MMT (ours) (Bert) 0.657 0.83 85.8/87.0 85.8/87.0 48.2

Table 1: Performances of baselines and MMT based on BERT in
CMU-MOSI benchmark.
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Figure 5: Effect of the layer on CMU-MOSI and POM.

the hierarchical structure. Compared to the two-way attention
model, our presented MMT is capable of exploring the mul-
tiway attention space that consists of the many-to-many mul-
timodal interactive path, which naturally benefits the learn-
ing model to measure both intermodal and intramodal inter-
actions simultaneously. Essentially, thanks to the low-rank
tensor-based strategy, MMT has the ability to effectively per-
form the multimodal learning task only with a relatively small
number of storage and computational complexity.

5.2 Effect of the Layer of the Framework
In this part, we attempt to investigate the impact of various
layers of the hierarchical framework on the task performance.
The layer varies from 2 to 7. As shown in Figure 5, we
can observe that MMT reaches the peak value at the layer
3 on the ’Acc-7’ on CMU-MOSI. Moreover, the MMT max-
imizes the performance at the layer 4 on the ’MAE’ for the
case of CMU-MOSI. As for the Dom of POM benchmark,
MMT reaches the highest point at the layer 3 on the ’Acc-7’,

Task Ent Con Pas Dom Viv Exp
Classes 7 7 7 7 7 5
Metric MAE ↓
LSTM 0.996 1.073 1.148 0.904 1.045 1.067

BC-LSTM 0.988 1.089 1.141 0.915 1.024 1.096
TFN 1.062 1.491 1.335 1.077 1.184 1.215
DF 0.972 1.097 1.130 0.899 1.023 1.053

MARN 1.011 1.057 1.184 0.916 1.053 1.105
MulT 0.961 0.989 1.087 0.869 0.975 0.998
MEMI 0.952 0.979 1.108 0.856 0.959 0.957

MMT (ours) 0.911 0.941 0.987 0.845 0.944 0.934
Metric Corr ↑
LSTM 0.176 0.233 0.179 0.201 0.172 0.153

BC-LSTM 0.083 0.200 0.219 0.318 0.241 0.177
TFN 0.265 0.159 0.158 0.067 0.232 0.149
DF 0.254 0.164 0.353 0.314 0.296 0.153

MARN 0.020 0.219 0.102 0.130 0.065 -0.008
MulT 0.267 0.294 0.332 0.282 0.286 0.319
MEMI 0.275 0.432 0.327 0.395 0.392 0.365

MMT (ours) 0.386 0.437 0.43 0.368 0.363 0.418
Metric Acc (%) ↑
LSTM 30.5 25.1 25.1 31.5 29.6 27.6

BC-LSTM 30.0 22.2 21.7 32.0 30.0 27.1
TFN 31.0 17.2 23.2 33.0 29.1 24.1
DF 27.6 25.1 21.7 31.5 28.6 27.1

MARN 32.5 28.6 24.6 34.5 31.0 27.6
MulT 31.5 25.1 31 34 35 27.6
MEMI 33.5 29.6 28.1 34.5 40.9 38.4

MMT (ours) 34.5 33.5 34 39.9 39.4 35.5

Table 2: Performances of baselines and MMT in POM benchmark.
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Figure 6: Effect of the tensor ranks on CMU-MOSI.

and the relatively higher performance peak at the layer 2 on
the ’MAE’. Intuitively, the relative deeper framework bears
the potential to exploit the much more comprehensive and
sophisticated sentimental attribution among multiple modal-
ity presentations. Subsequently, the deeper cases naturally
achieve better performance than the shallow ones. Addition-
ally, the too complex MMT consists of overmuch redundancy
message, which may result in the deterioration of the task per-
formance. In conclusion, the experiment results demonstrate
that the hierarchical structure indeed is able to provide greater
expressive power and efficiency.

5.3 Effect of Tensor Ranks of Tensor-ring Network
In this test, we are interested to examine how distinct tensor
ranks affect the predictive performance of our tensor-based
network. For simplicity, we attempt to analyze the perfor-
mance of each ri separately, while the rest of tensor ranks
rj are fixed, where j 6= i. For instance, as shown in figure
6, r1 varies from 2 to 8, while r2 and r3 are fixed. In Fig-
ure 6, we can observe that the case of r1 and r2 achieve the

Proceedings of the Thirty-First International Joint Conference on Artificial Intelligence (IJCAI-22)

3463



CMU-MOSI
P
er
fo
rm

an
ce

83

83.75

84.5

85.25

86

Modality

Acc-2 F1

(a, t) (v, t) (a, v, t)

POM (Dom)

Pe
rfo

rm
an

ce

0

10

20

30

40

Modality

Acc-7
Corr

(a, t) (v, t) (a, v, t)
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Figure 8: Effect of the residual parameter α on CMU-MOSI.

best performance at rank 2. Similarly, the case of r3 reaches
the peak point at the relatively low-rank value rank 4. This
implies that the tensor-based fashion indeed gives the learn-
ing model sufficient expressive capability to efficiently ex-
ploit the task-related representation. Notably, the fairly good
results of low-rank cases demonstrate that tensor-based net-
work is able to significantly decrease the computational com-
plexity and storage without the greater deterioration of pre-
diction. The above observations signify the effectiveness and
necessity of leveraging the tensor network to deal with the
multiway multimodal attention mechanism, when analyzing
the case associated with an arbitrary number of modalities.

5.4 Effect of the Number of Involved Modalities
Due to the flexibility of our proposed multimodal learning ar-
chitecture, we can provide a multiway multimodal attention
space based on multiple involved modalities. Consequently,
in this part, we attend to analyze the distinct framework de-
sign associated with the specific number of modalities. As
shown in Figure 7, the multimodal case (a, v, t) performs
significantly better than the bi-modality cases {(a, t), (v, t)}.
And, the POM depicts similar results. The above perfor-
mance may indicate that our MMT gives the model strong
ability to highlight much more compact consistency and com-
prehensive complementarity within the multiway multimodal
attention space, especially when the model includes much
more modality information. Essentially, compared to results
of the bi-way cross-modality attention model such as MulT
which performed on the multimodal setting (a, v, t) (shown
in Table 1), the test bi-modality setting (t, v) of our MMT
obtains the comparable ’Acc-2’ (84.1) and better ’F1’ (84.1)
precisions, indicating the great expressive power brought by
the proposed multiway attention mechanism. Indeed, the bi-
way cross-modality attention mechanism only concerns the
intermodal interactions with the limits of structure, while

MMT is able to provide both intermodal and intramodal in-
tercorrelations.

5.5 Effect of the Residual Parameter α
In our work, the residual parameter α is introduced to blend
the contribution of modality-aware multiway multimodality
message and original modality message. Thus, we attempt to
examine how distinct α affects the learning efficiency of the
presented model. The α ranges from 0.1 to 0.7. Note that,
all the modalities {audio, video, text} share the same α. For
simplicity, the related testing are performed on the settings
{(a, t), (v, t)}. In Figure 8, we can observe that the MMT can
reach the good task performance with respect to the tested
α. In particular, the proposed learning model maximizes the
prediction results at the relatively low α 0.5 or 0.6 for all the
testing settings. Intuitively, the case associated with the lower
α mainly attends to the generated multimodal intercorrela-
tions among the multiple modalities, and largely overlooks
the intrinsic sentimental attribution of the modality. Thus,
this may result in the lack of sufficient comprehensive multi-
modal sentiment properties, as well as the deterioration of the
task performance. Additionally, the cases associated with the
too large α are likely to mainly concentrate on the sentimen-
tal information of the original modality presentation, which
may introduce too much redundancy to the final multimodal
fusion message that may lead to the overfitting issue.

6 Conclusion
In this paper, we proposed the tensor-based multiway mul-
timodal transformer for exploring the modality-aware multi-
way multimodal intercorrelations for each modality in paral-
lel. Indeed, compared to the unidirectional cross-modality at-
tention, MMT is able to accommodate all potential multiway
sophisticated interactions from all modalities simultaneously,
using the novel multiway multimodal attention. Essentially,
the tensor-based network naturally provides us the great flex-
ibility to extend MMT to the case associated with an arbitrary
number of modalities. In addition, MMT enjoys great scala-
bility with respect to the number of modalities. In practice,
MMT can also serve as the strong baseline to efficiently an-
alyze the relation-extraction tasks, leading to the much more
latent and comprehensive relations within the multiway rep-
resentative space.
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