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Abstract—Multimodal sentiment analysis utilizes multiple het-
erogeneous modalities for sentiment classification. The recent
multimodal fusion schemes customize LSTMs to discover intra-
modal dynamics and design sophisticated attention mechanisms
to discover the inter-modal dynamics from multimodal sequences.
Although powerful, these schemes completely rely on attention
mechanisms which is problematic due to two major drawbacks
1) deceptive attention masks, and 2) training dynamics. Nev-
ertheless, strenuous efforts are required to optimize hyperpa-
rameters of these consolidate architectures, in particular their
custom-designed LSTMs constrained by attention schemes. In
this research, we first propose a common network to discover
both intra-modal and inter-modal dynamics by utilizing basic
LSTMs and tensor based convolution networks. We then propose
unique networks to encapsulate temporal-granularity among
the modalities which is essential while extracting information
within asynchronous sequences. We then integrate these two
kinds of information via a fusion layer and call our novel
multimodal fusion scheme as Deep-HOSeq (Deep network with
higher order Common and Unique Sequence information). The
proposed Deep-HOSeq efficiently discovers all-important infor-
mation from multimodal sequences and the effectiveness of
utilizing both types of information is empirically demonstrated
on CMU-MOSEI and CMU-MOSI benchmark datasets. The
source code of our proposed Deep-HOSeq is and available at
https://github.com/sverma88/Deep-HOSeq--ICDM-2020.

Index Terms—multimodal data fusion, sentiment analysis,
tensor analysis, convolution neural networks.

I. INTRODUCTION

There is increasing popularity with sharing opinionated
videos on social media platforms such as YouTube, Facebook,
etc. where the speaker’s sentiments are available via multiple
heterogeneous forms of information such as language (spoken
words), visual-gestures, and acoustic (voice). While there
has been significant development in utilizing language for
sentiment analysis, a core research challenge for this domain
is the efficient utilization of multimodal representations such
as voice and visual gestures for sentiment prediction [1], [2].
Since utilizing cues from these interacting modalities often
presents a more complete view of the underlying phenomenon
and thus enhances the generalization performance for sen-
timent prediction [1], [2]. Although performing multimodal
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Fig. 1. A typical scenario illustrating different sentiments expressed with
same spoken-utterance but visual gestures and vocal intonations. The asyn-
chronous visual-gesture (occurring after the end of spoken words) at time
t3 paramountly aids in identification of the speaker’s sentiment in the two
sequences. Efficient processing of such asynchronous (and synchronous)
temporal-interactions are a necessity for sentiment analysis through multi-
modal fusion.

fusion for sentiment prediction is itself a challenging task
due to multiple recurrent issues such as missing-values in the
visual and acoustic modalities, misalignment, and etc. [3], [4].
The challenge is exacerbated when the fusion is required in
the temporal domain as the multimodal temporal-interaction
possesses the dual nature of promising the data-granularity
and concealing its ambiguity as peril. A motivating example
for this scenario is presented in Fig. 1 where the speakers
in both the sequences utilize the same words to express their
sentiments differently.

The speakers in both the sequences of Fig. 1 utilize the
same utterances (spoken words) to express their sentiments.
Although both the sequences contain the same spoken words,
the interactions between facial expressions and vocal intona-
tions asynchronously occurring with each spoken word unveil
critical information that necessitates their disparate labeling
of the sequences. In particular, the facial expression at time
t3 drives the identification of the speaker’s sentiment in the
sequences. Therefore, discarding such temporal-granularity
will result in the loss of critical information that substan-
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tially helps in identifying the speaker’s true sentiment. While
these interactions can occur in the form of synchronous and
asynchronous1 multimodal interactions and hence, combining
these temporal-cues will enhance the robustness of sentiment
prediction with multimodal temporal sequences.

In this regard, to enhance the predictive power by utilizing
such temporal-cues recent multimodal approaches such as
MARN (Multi-Attention Recurrent Network) [5] and MFN
(Memory Fusion Network) [6] combined both the inter-
modal and intra-modal interaction while performing multi-
modal fusion. These schemes utilize series of LSTMs to
obtain intra-modal dynamics and constrain them with sophis-
ticated attention schemes (multi-attention head in MARN and
delta-attention memory in MFN) to exploit the inter-modal
temporal-interactions. Although both of these techniques unan-
imously conclude that the utilization of both these types of
information positively impacts multimodal sentiment analysis
however these schemes entirely rely on the attention mech-
anism to discover inter-modal information and amalgamate
it with intra-modal information. Their complete reliance on
attention scheme is problematic due to two reasons: 1) they
have deceptive attention masks (in MFN), and hence it is
obscure whether the gain in prediction is attributable to inter-
modal interactions [7] and, 2) the role of training dynamics
(in MARN) instead of multiple-heads [8]. Nevertheless, both
these schemes require substantial efforts to optimize the hy-
perparameters of their consolidated architectures to perform
multimodal sequence fusion efficiently. To alleviate these
drawbacks, we propose Deep-HOSeq to perform multimodal
fusion, in particular when the modalities are available as
temporal sequences.

The Deep-HOSeq performs multimodal fusion by extracting
two kinds of contrasting information from multimodal tempo-
ral sequences. The first kind of information is the amalgama-
tion of both inter-modal and intra-modal information and can
be perceived as the common2 information extracted from the
modality interaction. The second type of information exploits
the temporal-granularity (synchronous and asynchronous in-
teractions within modalities, as shown in Fig.1) among the
multimodal sequences and is derived as unique information
while performing multimodal fusion. To aid the understating
of proposed Deep-HOSeq we illustrate its workflow in Fig. 2.

To extract these two kinds of information, we design a
common network that first utilizes basic LSTM to obtain
the intra-modal information from each unimodality. Then
the obtained intra-modal information from each modality is
amalgamated as multi-mode tensors by taking their outer-

1Visual-Gesture occurring at the end of the spoken words.
2It should be noted that the terms ‘common’ and ‘unique’ information

are also utilized in DeepCU [4] to refer to a different but related concept.
The concept of common information in DeepCU is limited to inter-modal
information, whereas in Deep-HOSeq, the common information is comprised
of both inter-modal and intra-modal information. Besides, the unique informa-
tion in the DeepCU is comprised of factorized information from unimodality’
integrated by late fusion. In contrast, the unique information in Deep-HOSeq
refers to the information present via asynchronous and synchronous temporal
occurrence among modalities.

TABLE I
COMPARISON OF VARIOUS MULTIMODAL FUSION SCHEMES

Fusion
Schemes

Inter
Modal

Intra
Modal

Attention
Reliance Convolution Multimode

Representation

TFN X × × × X

LMF X × × × ×

DeepCU X × × X X

MFN X X X × ×

MARN X X X × ×

Deep-HOSeq X X × X X

product. The elements within this multi-mode tensor reflect the
strength of inter-modal interactions as correlations [9], and this
rich inter-modal information is finally captured by utilizing
convolution kernels followed by fully connected layers. On
the other hand, we also design a unique network for lever-
aging the temporal-granularity among multimodal sequences.
This is achieved by first obtaining latent features from each
unimodality by utilizing feed-forward layers to increase their
discriminative power. We then obtain higher-order interactions
within the modalities at each temporal-step followed by feature
extraction with convolution layers and fully connected layers
(as in the common network). We finally unify the information
from all the temporal-steps with a pooling operation, which
encapsulates the temporal-granularity as the unique informa-
tion in Deep-HOSeq. Although one may argue that our choice
of unification scheme is not sophisticated but this scheme
efficiently captures the temporal-dynamics within multimodal
sequences and is demonstrated in the results section.

We finally integrate both these kinds of information with
a fusion layer to perform multimodal sentiment prediction
and call our novel multimodal fusion scheme as Deep-HOSeq
(Deep Higher-Order Sequence Fusion). An important char-
acteristic of our Deep-HOSeq is that it does not rely on
attention-based schemes and hence does not face the same
critiques as state of the art (SOTA) techniques such as MARN
and MFN. Its superiority lies in simple but careful design
choices that enable joint discovery and utilization of all-
essential information to perform multimodal fusion. To aid the
understanding of our technique, we summarize the similarities
and differences between Deep-HOSeq and SOTA techniques
in Table. I. Besides, our major contributions in this work are
summarized as below:

1) We design a common network to extract both intra-modal
and inter-modal information in a cascaded framework
for multimodal fusion. Conceptually, the information
obtained by our common network is more expressive than
the SOTA as we utilize convolution on multi-mode ten-
sors, which efficiently captures all-essential inter-modal
interactions. Besides, the use of basic LSTMs efficiently
discovers the underlying intra-modal dynamics and does
not require strenuous efforts for parameter optimization.

2) We design a unique network that encapsulates the
temporal-granularity from multimodal sequences. This



enhances the Deep-HOSeq’s robustness with multimodal
synchronous and asynchronous interactions.

3) We design a deep consolidated network for joint discov-
ery and utilization of both common and unique informa-
tion from multimodal temporal sequences, which we call
as Deep-HOSeq.

4) We perform comprehensive experiments on multimodal
CMU-MOSEI and CMU-MOSI datasets and demonstrate
the effectiveness of utilizing both common and unique
information in comparison to other techniques.

The rest of the paper is organized in the following sections:
Sec. II presents literature review of existing multimodal fusion
techniques followed by details of our proposed Deep-HOSeq
in Sec. III. Experimental setup and results are described in
Sec. IV and Sec. V, respectively. We finally conclude our work
and discuss its possible future directions in Sec. VI.

II. RELATED WORK

We focus our review on techniques performing neural-
based fusion of multimodal sequences where arguably the
simplest deep architecture performing fusion of heterogeneous
data is Deep Multimodal Fusion (DMF) [10]. The DMF is
a successor to the Early Fusion (EF) [11], which is one of
the most utilized non-neural technique performing multimodal
data fusion. The DMF is developed to perform both a) EF:
combine raw (or latent) features by concatenating them; b)
late fusion: process each modality with a deep network and
then synthesize their decisions. Although powerful, the DMF
(and EF) is a basic technique and assumes that a modality
(for example, visual) does not share any relevant information
within itself. In other words, it can not leverage the intra-
modal information a particular modality might offer. Hence, it
is limited to express only the inter-modal interactions and thus
faces the same limitation as in EF [6]. We now review SOTA
that leverages both inter-modal and intra-modal relationships
while performing multimodal fusion.

a) Memory Fusion Network (MFN): [6] is a recurrent
model that consists of three sub-modules a) System of LSTMs
to obtain intra-modal dynamics from each unimodality; b)
Delta-memory Attention Network which discovers inter-modal
dynamics; and c) Multi-view Gated Memory responsible for
integrating the intra-modal and inter-modal dynamics. The
final input for fusion in MFN comprises of concatenated intra-
modal information from LSTMs and the final state of the
Multi-View Gated Memory and hence can be assumed as
a sophisticated EF system. Albeit powerful, the MFN relies
entirely on the attention network and the Multi-View Gated
Memory to obtain inter-modal dynamics while performing
multimodal fusion. This complete reliance on attention mech-
anism is problematic as the MFN assumes synchronous inputs
which is hard to achieve in real-world scenarios, and more im-
portantly, the reliability of attention-memory to discover inter-
modal interactions is questionable as shown with deceptive
attention masks in [7].

b) Multi-attention Recurrent Network (MARN): [5] is
also a recurrent model and consists of two sub-modules a)

Long-short Term Hybrid Memory (LSTHM) that amalgamates
intra-modal dynamics inter-modal temporal-dynamics by ex-
plicitly augmenting LSTM with a hybrid memory; and b)
Multi-attention Block (MAB) which discovers the inter-modal
dynamics and successively updates the hybrid memory of
LSTHMs. Similar to MFN, the MARN also completely relies
on the attention scheme to obtain the inter-modal dynamics.
The key difference between the two is that the earlier utilizes
basic LSTMs [12], whereas the latter augments a hybrid mem-
ory within the LSTMs. Besides, the MARN attributes usage
of multiple-attention for gains in the predictive performance,
but it is obscure whether it is from the discovery of inter-
modal information or the training dynamics of the MAB (and
LSTHM, which are much strenuous than MFN) [8].

Differently from the above, few notable multimodal fusion
techniques which do utilize sophisticated attention mecha-
nisms are Tensor Fusion Networks (TFN) [13], Low-rank
Multimodal Fusion (LMF) [14], and DeepCU [4]. These tech-
niques perform multimodal fusion by utilizing the summarized
information within visual (and acoustic) modality as its aver-
age. Although this leads to the loss of sequential information
present in the form of visual and acoustic interactions. These
techniques compensate for this information loss by modelling
multiple combinations of inter-modal interactions, either as
tensors or its low-rank factorized representation.

Our proposed Deep-HOSeq is similar to the above as it also
aims to exploit both the inter-modality and intra-modality rela-
tionship while performing multimodal fusion, but substantially
differs from them due to the following:

I. The common network in Deep-HOSeq extracts informa-
tion from inter-modal tensors obtained via modelling the
intra-modal information in multimodal sequences. Since
the elements of this tensor signify the correlation strength
between the fusion modalities, the information obtained
is not obscure or deceptive as in MARN and MFN.

II. Obtaining inter-modal temporal-granularity indepen-
dently with unique network is a distinctive characteristic
of Deep-HOSeq, and inclusion of this information en-
hances the Deep-HOSeq’s capability while dealing with
asynchronous (and synchronous) multimodal sequences.

III. The fusion layer integrates both the common and the
unique information to perform multimodal sentiment
analysis. It is worth mentioning that this layer uses
averaging and hence does not introduce extra model pa-
rameters. More importantly, it also refrains the common
network to influence the parameters of the unique sub-
network and vice-versa. This restriction allows the sub-
networks to obtain complementary information and hence
increase the diversity during fusion.

Although, all the techniques mentioned above are funda-
mentally different from proposed Deep-HOSeq; one must not
consider the equality of Deep-HOSeq in particular to DeepCU
– based on the terms common and unique. The concept of com-
mon and unique information in both techniques is disparate
and explained in detail in the footnote2. Furthermore, the fea-



ture dissection process is also distinct in the technique where
the earlier is proposed to perform multimodal fusion from
asynchronous (and synchronous) interactions within temporal
sequences whereas the latter is proposed to perform fusion of
independent data units.

III. PROPOSED METHODOLOGY

We aim to utilize intra-modal and inter-model dynamics by
amalgamating them as common information and the dynamics
of the temporal-granularity as unique information for multi-
modal fusion. To achieve this, we propose two sub-networks,
i.e., 1) common sub-network which extracts intra-modal and
inter-modal information in a cascaded manner as described in
Sec. III-A, and 2) unique sub-network for encapsulating the
temporal-granularity as detailed in Sec. III-B. The information
obtained by both networks is then integrated via a fusion layer
to perform multimodal sentiment prediction in Sec. III-C. To
aid the understanding of our sub-networks, we illustrate the
workflow of Deep-HOSeq in Fig. 2.

We begin with raw feature vectors from a spoken utterance
in the form of acoustic, visual, and language modalities de-
noted as za ∈ R1×tk×da , zv ∈ R1×tk×dv , and zl ∈ R1×tk×dl

respectively, where da, dv , and dl represents the dimension-
ality of the feature vectors and tk represents the sequence
length. These feature vectors are then independently processed
with basic LSTMs in the common network and with feed-
forward layers in the unique network which constrains both
the sub-networks to obtain unshared latent representation. This
restriction allows the sub-networks to obtain complementary
feature representations at lower layers as the latent space of
unique sub-network remains unaffected by the gradient from
the common sub-network and vice-versa for the common sub-
network. Furthermore, optimizing unshared latent space also
enhances the expressiveness of Deep-HOSeq and is empiri-
cally shown beneficial in the works [15], [16].

A. Common Network

The common network first obtains intra-modal dynamics
from the individual modality by processing them with basic
uni-directional LSTMs; we chose basic LSTMs as they are
simple-yet-powerful enough to discover the relevant parts
within a modality. We then process the latent features obtained
with all the unimodal LSTMs (the final state of LSTMs)
with fully-connected layers to increase their discriminatory
strength, followed by an outer product to obtain multi-mode
tensors. These tensors represent the amalgamated intra-modal
and inter-model information within the multimodal sequences.

hV = σ
(
LSTM

(
zv
)
×Wv + bv

)
hA = σ

(
LSTM

(
za
)
×Wa + ba

)
hL = σ

(
LSTM

(
zl
)
×Wl + bl

)
TV AL = hV ⊗ hA ⊗ hL

(1)

The elements of tensor TV AL signifies the inter-modal in-
teractions as correlation strengths [9], which can be efficiently

derived by processing the tensor with a series of convolution
and fully-connected layers as detailed in (2). The highly
discriminative information available after dissecting TV AL
denoted as hcom represents the amalgamated intra-modal and
inter-modal information perceived as the common information
in Deep-HOSeq. Although this common information i.e. hcom
can still be utilized to perform multimodal prediction as in
(3); it is still not as effective as utilizing both common and
unique information, and a relative comparison of utilizing
both common and information vs. only common information
is presented in the experiments section. It should be noted
that our common network can be extended with sophisticated
convolutions schemes such as ResNet [17] etc. to boost its
generalization power.

GV AL = σ
(
Conv

(
TV AL

))
h1 = σ

(
gV AL ×W1 + b1

)
h2 = σ

(
h1 ×W2 + b2

)
...

hn = σ
(
h(n−1) ×W(n−1) + b(n−1)

)
hcom = σ

(
h(n) ×W(com) + bcom

)
(2)

where gV AL is obtained by flattening GV AL to process the
convolution output with fully connected layers. Multimodal
sentiment prediction with common information can be ob-
tained by utilizing hcom as in (3).

ŷcom =
(
hn ×w0c

)
+ b0c (3)

B. Unique Network

The unique network first obtains latent representations of
raw unimodal features by processing with a sequence of feed-
forward layers and then utilizes the obtained discriminative
representations to capture cross-categorical correlations in the
form of multi-mode tensors. These tensors accommodate com-
plex dynamical factors such as inter-region spatial correlations
between the temporal sequence. Thus we process them with
convolution and fully-connected layers (as in the common net-
work) to extract the concealed unique information in them. The
whole feature extraction process is mathematically described
as in (4), where k = 1, 2, ..., tk is the sequence length.

hVk
= σ

(
zvk ×Wvk + bvk

)
hAk

= σ
(
zak ×Wak + bak

)
hLk

= σ
(
zlk ×Wlk + blk

)
TV ALk

= hVk
⊗ hAk

⊗ hLk

hk = σ

(
σ
(
Conv

(
TV ALk

))
×Wvalk + bvalk

)
(4)

The discovery of such complex factors is essential as they pro-
mote collaboration among temporal and semantic views of the
data and thus enhance classifiers’ predictive performance by



…

 

LSTM

…

…

… …

Visual Acoustic LanguageK sequences

�𝑦𝑦

Sum-Pooling

 

LSTM LSTM

   

𝑦𝑦 train
Convolution

Scalar Output

 Outer Product

Unique Common

𝑡𝑡1
𝑡𝑡2

𝑡𝑡𝐾𝐾

𝑡𝑡1
𝑡𝑡2

𝑡𝑡𝐾𝐾

𝑡𝑡1
𝑡𝑡2

𝑡𝑡𝐾𝐾

𝑡𝑡1 𝑡𝑡2 𝑡𝑡𝐾𝐾

la
ng

ua
ge

acoustic

Unique Data Pipeline

Common Data Pipeline

ℎ𝑢𝑢𝑢𝑢𝑢𝑢 ℎ𝑐𝑐𝑐𝑐𝑐𝑐Mean-Pooling
Fusion  Layer

Ground truth Predicted Value
Legend

Fig. 2. Workflow of the proposed Deep Higher-Order Sequence Fusion network Deep-HOSeq.

learning the dynamical relationship within multiple modalities
[18], [19]. We finally unify the sequential information at each
temporal step with a pooling operation in (5). We arguably
again utilize a simple-yet-effective operation to summarize the
most discriminate pattern from the intermediate layer. Impor-
tantly, this unification does not add any extra parameters and
provides further opportunities to increase the discriminatory
strength of the unique features.

hpool =

tk∑
k=1

hk

huni = σ
(
hpool ×Wpool + bpool

) (5)

These pooled representations denoted as hpool encapsulates the
temporal-granularity from the modalities interactions and are
perceived as the unique information in this paper. Similar to
common information, one can also utilize unique information
to perform multimodal sentiment prediction, as in (6).

ŷuni =
(
huni ×w0u

)
+ b0u (6)

C. Fusion Layer

The feature vectors from the last hidden layer of common
and the unique sub-networks are integrated by performing
a mean-pooling operation followed by feed-forward layer to
derive the combined prediction with common and unique
information in Deep-HOSeq in (7). Our motivation for apply-
ing mean-pooling instead of any other pooling (to integrate
common and unique information) is that the mean-pooling
will enforce equal learning within both common and unique
sub-networks as it allows equal gradient flow in both the

sub-networks while training. This scenario, however, is not
guaranteed in case max-Pooling (or any other pooling layer) is
employed, as there is a possibility that a single network might
be dominant while training and thus will result in the absence
of either kind of information. The validity of this hypothesis
is shown in Fig. 3 by comparing the performance of different
kinds of information.

hcombined = average pooling(hcom, huni)

ŷ(x) = hcombined ×W + b
(7)

The weights of our proposed Deep-CUSeq is optimized via
minimizing the mean square error (MSE) loss in (8), where
χ denotes the set of multimodal training data instances,
y(x) denotes the target of instance x, and ŷ(x) denotes the
prediction obtained from Deep-HOSeq.

L =
1

n

∑
∀x∈χ

(ŷ(x)− y(x))2 (8)

D. Complexity Analysis

The paramount computation complexity in Deep-HOSeq
arises with obtaining unshared latent features in the unique
network. This is because we utilize feed-forward layers for
obtaining latent features from each temporal-sequence within
modalities, and this accumulates to approximately 43% of the
total trainable neurons in Deep-HOSeq.

While a direct comparison of running time is not possible
as the baselines are customised in Pytorch and Deep-HOSeq
is written in Tensorflow, but the number of parameters in the
optimized MFN model is equal to 2.34×105, and for MARN
it is equal to 4.58 × 105. Whereas, the number of trainable
parameters in optimized Deep-HOSeq is equal to 2.61× 105.



TABLE II
THE SPEAKER INDEPENDENT SPLITS FOR TRAINING, VALIDATION, AND

TEST SETS FROM CMU-MOSEI AND CMU-MOSI DATASETS.

Dataset CMU-MOSI CMU-MOSEI

#Training Instances 1284 15290
#Validation Instances 229 2291

#Testing Instances 686 4832

Additionally, both MFN and Deep-HOSeq took less than 30
epochs to converge on the CMU-MOSEI dataset while the
MARN did not converge with 1000 epochs.

IV. EXPERIMENTAL SETUP

A. Dataset.

We perform experiments on the CMU-MOSI [20] and
CMU-MOSEI datasets [21] where both the datasets consist of
opinion videos collected from YouTube with only a single per-
son in front of the camera expressing his opinion. The CMU-
MOSI dataset consists of reviews from 93 distinct speakers
where each video consists of multiple opinion segments with
a total of 2199 utterances (segments) in the whole dataset. On
the other hand, the CMU-MOSEI dataset consists of reviews
from 1000 distinct speakers with a total of 23, 453 utterances.
Each utterance in the video is annotated with the sentiment in
the range [−3, 3]. Here −3 indicates highly negative and +3
indicates highly positive sentiment.

1) Features: We accessed the language, visual, and acoustic
features provided by the authors [20] at their official publicly
available repository3. The modality specific features are pro-
vided after word alignment using P2FA [22] aligning them at
the word granularity.

a) Language: Pre-trained 300-dimensional Glove word
embeddings [23] were utilized to encode each sequence of
transcribed word into a sequence of word vectors.

b) Visual: The library Facet4 is used to extract visual
features for each frame (sampled at 30Hz). Extracted features
consists of 20 facial action units, 68 facial landmarks, head
pose estimates, gaze tracking and HOG features [24].

c) Acoustic: COVAREP acoustic framework [25] is uti-
lized to extract features including 12 MFCCs, pitch, glottal
source, peak, slope, voiced/unvoiced segmentation, and max-
ima dispersion quotient.

The feature vectors for each modality is publicly available
via CMU-MultimodalDataSDK. Also, in order to evaluate the
generalization capability of models the training, testing, and
validation splits of datasets are speaker-independent and pre-
defined in the CMU-MultimodalDataSDK and the number of
instances for both datasets are reported in Table. II.

B. Baselines.

We extensively evaluate the performance of our pro-
posed Deep-HOSeq against neural-based and non-neural based

3https://github.com/A2Zadeh/CMU-MultimodalSDK, SDK Version 1.0.1
4https://imotions.com/

schemes available for multimodal sentiment analysis. Thus we
trained our Deep-HOSeq and also the baselines with MSE loss
in Eq. 8. The details of the baselines are described as below:

1) Early Fusion, Non-Neural Approaches: We first col-
lapsed the sequence dimension in all the modalities by taking
their average and then trained them for a regression task by
concatenating the average features. The baselines thus reported
are Support Vector Machines (SVM) and Random Forest (RF).

2) Joint Representation, Neural Approaches: For baselines
under joint representation, we followed the protocol as in [21]
and thus trained basic LSTMs on individual modalities and
treated their final state as the latent features available for
fusion. We then concatenated these features and trained a deep
network for regression reported as EFLSTM [26]. We also
trained RF and SVM on these latent features reported as RF-
MD [20] and SVM-MD [20], respectively. We also trained
an extreme learning machine (ELM) classifier on these latent
features as utilized to predict multimodal sentiment in [27].

3) Deep Networks without temporal information: As a
requirement for baselines under this such as TFN [13], LMF
[14], and DeepCU [4], we collapsed the sequence dimension
of acoustic and visual modalities and performed a grid search
to optimize to network’s hyperparameters.

4) State of the art deep neural networks: Under this we
have two state of the art techniques performing multimodal
fusion with temporal sequences.

MARN (Multi Attention Recurrent Networks) SOTA1 [5] is
described in Sec. II. The source code of MARN is publicly
available and a grid search is performed to optimize the
network’s hyperparameters on MOSEI dataset.

MFN (Memory Fusion Networks) SOTA2 [6] is another
state of the art as described in Sec. II. The source code is
publicly available and a grid search is performed to optimize
the network’s hyperparameters on MOSEI dataset.

C. Parameter Setting in Deep-HOSeq

We implemented Deep-HOSeq in TensorFlow5 and opti-
mized it by minimizing the loss in Eq. 8 with Adam Optimizer
[28]. The learning rate was set to 6× 10−3 with a mini batch
size of 256. To avoid over-fitting we applied dropout [29] in
our model and tune the dropout probability from [0.05, 0.8]
with a step size of 0.05. The optimal dimensions of latent space
in each sub-network was searched in [5, 10, 15, 20, 25, 30],
while the number of convolution filters were set between [1, 3].
We also applied batch-normalization [30] to the convolution
layers to speed up the training of Deep-HOSeq. Besides, we
utilized basic uni-directional LSTM-cell 6 for obtaining the
intra-modal dynamics. Lastly, we employed early stopping as
in [6], where the training is terminated if the MAE on the
validation-set did not improved in 5 consecutive epochs.

5Link to our Deep-HOSeq’s source code repository is avaliable at: https:
//github.com/sverma88/Deep-HOSeq--ICDM-2020

6https://www.tensorflow.org/api docs/python/tf/nn/rnn cell/
BasicLSTMCell

https://github.com/A2Zadeh/CMU-MultimodalSDK
https://imotions.com/
https://github.com/sverma88/Deep-HOSeq--ICDM-2020
https://github.com/sverma88/Deep-HOSeq--ICDM-2020
https://www.tensorflow.org/api_docs/python/tf/nn/rnn_cell/BasicLSTMCell
https://www.tensorflow.org/api_docs/python/tf/nn/rnn_cell/BasicLSTMCell


D. Evaluation Metrics

We evaluate the performance of the baselines and Deep-
HOSeq for regression, binary classification (positive and neg-
ative sentiments), and multi-class classification (7 sentiments).
In this regard, we report Mean Absolute Error (MAE) and
Pearson’s Correlation (Correlation) for regression, and in the
case of binary classification we report accuracy and F1-score.
Whereas for multi-class classification we only report accuracy.
Note that, for all metrics, higher value is better except for
MAE where a lower value is better.

Besides, while calculating the binary and multi-class ac-
curacies, we followed the protocol in [4], [14] and map the
predicted sentiment (and the true sentiment) to integer values.

V. RESULTS AND DISCUSSIONS

The key contribution of this work is utilization of both
common and unique information for multimodal data fusion.
Therefore, in order to study the significance of proposed Deep-
HOSeq and its relative sub-components we performed the
experiments as per the following research questions:

A. Does the integration of both common and unique informa-
tion enhance the generalization performance in Deep-HOSeq
or does it deteriorate the performance?

To evaluate the effectiveness of integrating both the common
and unique information in Deep-HOSeq, we studied the per-
formance of multimodal sentiment prediction by considering
information from a) unique sub-network; b) common sub-
network; and c) Deep-HOSeq. In this regard, we obtained
the performance of these different kinds of information by
performing a grid search on all the hyper-parameter settings
as in Sec. IV-C and present their optimized MAE on CMU-
MOSEI test dataset with a box-plot in Fig. 3.

First, the plot clearly suggests that the integration of both
the common and the unique information is beneficial for
performing multimodal sentiment analysis. We argue that this
is because the Deep-HOSeq efficiently leverages the advan-
tages of both the amalgamated inter-modal and inter-modal
information as common information and temporal-dynamics
as unique information.

Second, the plot also shows that the common information
achieves lower MAE compared to the unique information
suggesting that the information obtained by amalgamating the
intra-modal and inter-modal dynamics is more important than
the temporal-granularity of multimodal sequences. Although,
this might depend on the data as there may be fewer instances
with high temporal-variability in the testing dataset.

B. How does the hyper-parameters affect the performance of
unique, common, and Deep-HOSeq?

To answer the above question, we present a comprehensive
study to understand the effects of various hyper-parameters
on the performance of Deep-HOSeq. In this regard, we split
the discussion into three subsections and first discuss the
effects of hyper-parameters on common and unique networks.
We then discuss ways to enhance the feature discriminability

Fig. 3. Performance comparison of Deep-HOSeq vs. only common and unique
information on the CMU-MOSEI test dataset.

of common networks by utilizing sophisticated convolution
networks such as ResNet. We finally utilize these optimized
hyperparameters and study the effect of varying the dimension-
ality of the latent space (multi-mode tensor) on Deep-HOSeq.

1) Analysis of common and unique sub-network: We first
analyze the effects of various hyperparameters in the common
and unique subnetworks, in particular the effect of activation
functions in the lower layers. Since activation functions such
as relu can lead to a sparse multi-mode tensor as compared to
identity or sigmoid activation functions. We are thus interested
in understanding whether extracting features from a full or a
sparse tensor has significant effects on the networks’ prediction
performance. In this regard, we plot the MAE achieved by
concurrently optimizing the dropout ratio and the size of
convolution kernel with constant size of the latent dimensions
as 10 in the common and unique sub-networks in Fig. 4. The
x-axis in this figure represents the choice of different activation
functions in the lower layers. Besides, we have repeated the
same experiment by applying batch normalization referred to
as BatchNorm and without batch normalization referred to as
W/O-BatchNorm in the legend of Fig 4.

The performance comparison of different activation func-
tions in the two sub-networks clearly dictates that relu as
an activation function performs equally good as any other
activation function. However, we empirically found that the
two networks converge faster with relu activation than others.
Moreover, these performances also suggest that applying batch
normalization has a negligible effect on the performance of
the sub-networks. However, empirically we found that the
networks with batch normalization layer converged much
faster than their counterparts. Besides, both the sub-networks
perform marginally better with smaller kernel size as this
might be due to the increase in overlapping regions between
segments in the multi-mode tensors.

2) Analysis of ResNet layer in common network: The
performance study of applying ResNet on the common sub-
network does not yield any new insights. However, it confirms
that applying batch normalization does not have a significant
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sub-network.
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Fig. 4. Hyperparameter study of common and unique sub-networks on the CMU-MOSEI validation set. In the legend, integers x,y represents the kernel size
and stride size in the convolution layers.

Fig. 5. Performance of ResNet-V1 by varying the number of convolution
kernels in the common sub-network on the CMU-MOSEI dataset. The integers
in the legend represents the number of kernels in the previous convolution
layer and the ResNet layer respectively.

advantage to our model. This might be justifiable as contradic-
tory to the image recognition the inputs to our network are fea-
tures extracted by pre-trained networks. Therefore, the network
does not face a covariate shift during prediction. However, the
networks did converge faster with batch normalization.

We decide to drop ResNet as a layer from our model as
the predictive performance of Deep-HOSeq with a simple
convolution layer is as good as with a sophisticated ResNet
layer. Moreover, the number of trainable parameters increases
with the ResNet layer and encourages us to proceed with a
simple convolution layer in our common sub-network.

The failure of ResNet scheme in our model might be due
to less amount of training data or the depth of the network,
which is at most 2 in our case. We would like to perform
some statistical analysis in the future to investigate the role of

Fig. 6. Performance of Deep-HOSeq, MARN, and MFN by varying hyper-
parameters on the CMU-MOSEI dataset. The integer x in Deep-HOSeq-x
represents the number of convolution kernels.

ResNet in such kind of similar schemes.
3) Analysis of Deep-HOSeq: We now plot the mean MAE

obtained by varying the dimensionality of the latent space in
Deep-HOSeq’s sub-networks shown as the x-axis in Fig. 6,
and illustrate different colors to represent the number of
convolution filters. Besides, as sanity checks, we also plot
the optimized MAE obtained from MARN and MFN on the
same latent dimensions. A clear trend is visible in performance
curves of Deep-HOSeq in Fig. 6 where the MAE improves
significantly by increasing the latent dimensions with notice-
able improvements beyond latent space of 5. This might be
due to the size of the convolution filter which happens to
be equal to the size of the multi-mode tensors, and hence
applying convolutions does not prove much beneficial to Deep-
HOSeq. However, the performance gradually improves with



TABLE III
PERFORMANCE COMPARISON OF Deep-HOSeq VS. OTHER FUSION TECHNIQUES ON CMU-MOSEI DATASET. EACH PERFORMANCE METRIC IS EXECUTED
FOR 5 TIMES AND THEIR MEAN AND STANDARD DEVIATION ARE REPORTED. NOTE FOR ALL THE METRICS A HIGHER VALUE IS BETTER BUT FOR MAE.

MOSEI
Dataset

Regression Binary 7-class

MAE (lower is better) Correlation Accuracy F1 Accuracy

RF 0.7794 ± 3.54 × 10−3 0.4229 ± 7.40 × 10−3 70.63 ± 3.16 × 10−3 70.98 ± 3.12 × 10−3 39.23 ± 3.53 × 10−3

SVR 0.7758 ± 1.66 × 10−3 0.4348 ± 1.82 × 10−3 70.53 ± 5.96 × 10−4 71.06 ± 5.39 × 10−4 37.64 ± 6.68 × 10−3

EFLSTM [26] 0.7861 ± 1.03 × 10−2 0.3815 ± 3.78 × 10−2 71.03 ± 2.76 × 10−3 71.80 ± 9.01 × 10−3 40.34 ± 5.86 × 10−3

RF-MD 0.7995 ± 1.93 × 10−2 0.3879 ± 2.86 × 10−2 72.08 ± 3.06 × 10−3 72.17 ± 4.76 × 10−3 38.81 ± 1.18 × 10−2

SVM-MD [20] 0.7886 ± 2.34 × 10−2 0.3906 ± 4.46 × 10−2 72.03 ± 3.09 × 10−3 71.71 ± 4.74 × 10−3 38.87 ± 1.44 × 10−2

ELM [27] 0.7699 ± 3.37 × 10−3 0.4439 ± 6.28 × 10−3 69.06 ± 2.04 × 10−3 70.41 ± 2.19 × 10−3 39.62 ± 5.06 × 10−3

TFN [13] 0.7483 ± 1.06 × 10−2 0.5005 ± 6.62 × 10−3 69.08 ± 1.74 × 10−2 69.34 ± 1.08 × 10−2 40.88 ± 2.03 × 10−2

LMF [14] 0.7417 ± 1.19 × 10−2 0.5058 ± 1.09 × 10−2 71.04 ± 1.04 × 10−2 71.32 ± 6.23 × 10−3 40.64 ± 1.60 × 10−3

DeepCU [4] 0.7331 ± 4.32 × 10−3 0.5125 ± 3.54 × 10−3 71.82 ± 8.96 × 10−3 70.87 ± 7.50 × 10−3 41.30 ± 4.29 × 10−3

MARN (SOTA 1) [5] 0.7532 ± 4.46 × 10−2 0.4828 ± 4.19 × 10−2 68.12 ± 3.03 × 10−2 69.10 ± 2.82 × 10−2 39.39 ± 8.75 × 10−3

MFN (SOTA 2) [6] 0.7270 ± 7.47 × 10−3 0.5243 ± 3.54 × 10−3 72.47 ± 8.09 × 10−3 73.11 ± 7.06 × 10−2 42.69 ± 3.97 × 10−3

Deep-HOSeq (proposed) 0.7189 ± 1.15 × 10−3 0.5438 ± 2.24 × 10−3 74.32 ± 8.00 × 10−3 75.12 ± 3.35 × 10−2 44.17 ± 2.60 × 10−3

TABLE IV
PERFORMANCE COMPARISON OF Deep-HOSeq VS. OTHER FUSION

TECHNIQUES ON CMU-MOSI DATASET.

MOSI
Dataset

Regression 7-class

MAE (lower is better) Correlation Accuracy

TFN 1.1111 ± 0.0003 0.5341 ± 0.0010 31.98 ± 1.1321
LMF 1.0960 ± 0.0021 0.5455 ± 0.0032 30.76 ± 0.0339
DeepCU 1.0595 ± 0.0007 0.5506 ± 0.0076 33.14 ± 0.0639

MARN 1.1215 ± 0.0481 0.5116 ± 0.0323 30.54 ± 0.0661
MFN 1.0406 ± 0.0568 0.5461 ± 0.0291 34.14 ± 0.0219

Deep-HOSeq 1.0201 ± 0.0218 0.5676 ± 0.0166 35.87 ± 0.0332

the increase in the latent dimension supporting the learning
requirement of the convolution kernels.

A second noticeable trend from the plot is that the perfor-
mance of all the fusion schemes generally improves until the
latent dimensions of 15 and then deteriorating sporadically
indicating over-fitting, in particular at latent dimension of
30. Although, the Deep-HOSeq does not face a significant
performance degradation as compared to MARN (and MFN)
and this might be due to 1) less number of parameters required
by convolution kernels, and 2) the ability of convolutions to
efficiently capture utmost expressiveness concealed in multi-
model tensors.

C. Does Deep-HOSeq provide a better mulit-modal fusion
technique compared to SOTA such as MARN and MFN?
Besides, are convolutions effective in obtaining inter-modal
dynamics from multi-mode tensors, and whether inclusion of
this information necessary?

To address this requirement, we compare the performance
of Deep-HOSeq and baselines on the CMU-MOSEI and CMU-
MOSI datasets. The performance evaluations are reported
in Table. III and Table. IV, respectively. On the CMU-
MOSEI dataset we improve the state of the art by 3.60%
for correlation, 2.55% for binary class, and 3.46% on multi-
class accuracy. On the CMU-MOSI datset, the Deep-HOSeq

improves the correlation by 3.94%, and 5.07% on multi-class
accuracy compared to SOTA approaches.

The above results validate our hypothesis regarding a)
utilizing both the common and unique information obtained
with unshared latent space; b) the use of convolutions to
capture utmost expressiveness offered by multi-mode repre-
sentation; and c) basic LSTMs to effectively obtain intra-
modal dynamics, and d) incorporating temporal-granularity
from multimodal sequences with Deep-HOSeq.

Furthermore, we can easily see that the performance
achieved with the common network in Fig. 3 is equally
competitive to the performance achieved with state of the art
MFN. This indicates that our common network is able to cap-
ture inter-modal dynamics with the utilization of convolutions
efficiently. It is worth mentioning that the discovery of this
information does not require any attention-mechanism whose
information discovery is powerful but obscure.

Besides, on comparing the MAE achieved with EFLSTM
[26] against that our proposed Deep-HOSeq. Our proposed
Deep-HOSeq reduces the MAE by 6.48% as it consists of both
the inter-modal and intra-modal information, while EFLSTM
only consists of intra-modal information. This demonstrates
that inter-modal interactions play a significant role in multi-
modal fusion and hence should not be neglected.

VI. CONCLUSIONS AND FUTURE WORK

In this paper, we have introduced Deep-HOSeq to perform
multimodal fusion from temporal sequences. The Deep-HOSeq
integrates two kinds of information 1) common: amalgamated
inter-modal and intra-modal information from multimodal
temporal sequences, and 2) unique: temporal-granularity from
multimodal interactions. We then demonstrated that both these
two kinds of information are essential for multimodal fusion
and integrated them via a fusion layer in Deep-HOSeq. The
parameters of our consolidated Deep-HOSeq are optimized by
back-propagation on the target loss function. The superiority
of the combined information obtained with Deep-HOSeq is
demonstrated by performing sentiment prediction on multiple



benchmark datasets where the proposed Deep-HOSeq outper-
formed state of the art and other baseline approaches. This
enhancement in Deep-HOSeq is attributable to the expres-
siveness from all-types of information obtained by learning
complementary information from the two sub-networks. Com-
prehensive experiments demonstrated the effectiveness of our
proposed Deep-HOSeq for multimodal data fusion. In the
future, we plan to reduce the computational complexity of the
unique sub-network by designing factorized representations.
Besides, generalizing Deep-HOSeq to perform multiple tasks
is another interesting research direction for this work.
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