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ABSTRACT
The effective fusion of multiple modalities (i.e., text, acoustic, and
visual) is a non-trivial task, as these modalities often carry specific
and diverse information and do not contribute equally. The fusion
of different modalities could even be more challenging under the
low-resource setting, where we have fewer samples for training.
This paper proposes a multi-representative fusion mechanism that
generates diverse fusions with multiple modalities and then chooses
the best fusion among them. We also propose an attention mechanism
for handling noisy representation that focuses only on contributing
representation and ignores the noisy representation. We evaluate
our proposed approach on three low-resource multimodal sentiment
analysis datasets. Experimental results show the effectiveness of our
proposed approach with the accuracies of 59.3%, 83.0%, and 84.1%
for the YouTube, MOUD, and ICT-MMMO datasets, respectively.
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1 INTRODUCTION
Multimodal data provides multiple heterogeneous sources of diverse
information. By considering the complex intramodal and intermodal
fusions, this diverse information could be used to gain key insights
for the various tasks. But, learning these fusions is a fundamentally
complex research problem. In recent times, deep neural networks
have shown success in achieving good performance for multimodal
sentiment, and emotion analysis [Akhtar et al. 2019; Chauhan et al.
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2019; Poria et al. 2016, 2017b; Ranganathan et al. 2016; Rosas et al.
2013; Sangwan et al. 2019].

However, multimodal information fusion is not always effective,
as different sources often bring their characteristics, and some may
contain noise. For example, there might be some disturbances or
noise present in a video due to which acoustic features like tone,
intensity, energy, pitch, etc., can be affected.

Quite often, different pairs of modalities have semantic inter-
dependencies. To understand the semantic inter-dependencies be-
tween the different pairs of modalities, the representations that we
obtain are fused. If any of the modality representations being fused
is noisy, the model will fail to understand the inter-dependencies
between modalities. Also, the output of the fusion operation will
affect the performance of the model in the subsequent stages.

As we know that not every neuron is helpful for the prediction,
as shown in these papers [Chauhan et al. 2020; Mai et al. 2019].
So, motivated by this idea, we propose a multi-representative fusion
(MRF) mechanism that first generates diverse representations for
each modality and then select the most appropriate representations
among them to get the best fusion (i.e., 2 in Figure 1). The objective
of MRF is to solve the noisy representation problem by leveraging
multiple representations of a modality rather than a single represen-
tation. Each representation of MRF is unique, which mean no two
representation will be exact. Thus, if there is noise in one or more
than one modality, then it is quite possible that one of the generated
representations is noise invariant or with less noise.

Figure 1: A multimodal architectural view showing the multi-
ple representations and their fusions. In Figure, 2 denotes the
multimodal fusion corresponding to a noise-free representation
while 2 denotes the multimodal fusion corresponding to a noisy
representation.

We summarize the main contributions as follows: (i). we use
convolution filters to generate different and diverse representations
of modalities; (ii). we then fuse pairwise modalities with multiple
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representations to get the multiple fusions; (iii). finally, we propose
an attention mechanism that only selects the most appropriate fusion,
which eventually helps resolve the noise problem and improve the
performance. (iv). we present new state-of-the-art systems for three
benchmark datasets for sentiment analysis.

2 RELATED WORK
Fusion is the main challenging problem of multimodal data. There
are lots of work [Chauhan et al. 2019; Ghosal et al. 2018; Huang
et al. 2019; Majumder et al. 2019; Poria et al. 2017a; Zadeh et al.
2017] has already been established on fusion mechanism. Chauhan
et al. [Chauhan et al. 2019] exploits the interaction between a pair
of modalities through an application of the Intermodal Interaction
Module (IIM) that closely follows the concepts of an auto-encoder
for the multimodal sentiment and emotion analysis. Poria et al. [Poria
et al. 2017a] proposed an LSTM-based framework for sentiment
classification that leverages contextual information to capture the
inter-dependencies between the utterances. A contextual intermodal
attention-based framework for multimodal sentiment classification
has been proposed in [Ghosal et al. 2018].

A Deep Multimodal Attentive Fusion, a novel image-text senti-
ment analysis model, is proposed in [Huang et al. 2019]. In another
work [Majumder et al. 2019], authors have proposed a variational
autoencoder-based approach for modality fusion and minimized the
information loss between unimodal and multimodal representations.
Zadeh et al. [Zadeh et al. 2017] proposed a Tensor Fusion Network
(TFN) model to learn the intra-modality and inter-modality dynamics
of the multimodal.

These fusion mechanisms fail when noisy representation comes
into action. In comparison to this existing research, our proposed
approach aims to generate diverse representations for each modality
and choose the best representations from these. Further, to the best of
our knowledge, this is the first attempt to solve multimodal problems
through multiple representations

3 MULTI-REPRESENTATIVE FUSION
Our proposed framework aims to leverage the multi-representative
fusion mechanism to overcome noise problems from modalities by
using multiple representations instead of a single representation.
We divide multi-representative fusion into three parts; i) multiple
representations, ii) fusion mechanism and iii) attention mechanism.

3.1 Multiple Representations
Given multimodal inputs i.e., text (T), acoustic (A), and visual (V)
and generate multiple representations for each modality. We first try
to capture the semantic information from each modality by using
three separate bi-directional Gated Recurrent Units (Bi-GRU) [Cho
et al. 2014] for each modality respectively. Then, we obtain multiple
representations for each modality. Thus, to obtain multiple represen-
tations, we apply 𝑘 convolution filters on each modality, and these 𝑘
filters produce 𝑘 different representations for each modality, which
might have quite similar or completely different information, but
two of these cannot be the same.

3.2 Fusion Mechanism
After getting 𝑘 different representations corresponding to each modal-
ity, we fuse these multi-representative modalities. We divide this
fusion mechanism into two groups, i.e., intramodal fusion (TT, VV,
AA) and intermodal fusion (TV, VT, TA, AT, AV, VA). In other terms,
we have a total of nine combinations of modalities (𝑀𝑜𝑑𝑎𝑙𝑖𝑡𝑦𝐶𝑜𝑚𝑏 ),
i.e., TT, VV, AA, TV, VT, TA, AT, AV, and VA. Fusion between
modalities gives us fused scores and fused features, which are as
follows;

3.2.1 Fused Scores: The motive of getting fused scores (FS)
is to help select the appropriate fusion and help reveal contributing
modalities. For example, let’s assume there are two modalities x and
y ∈ R1×𝑑 where d is the embedding dimension and 𝑥,𝑦 ∈ [𝑇,𝐴,𝑉 ].
We multiply both the modalities (i.e., x and y) to extract the FS∈ R1.
As, we have 𝑘 representations w.r.t. each modality, we will obtain a
matrix of size 𝑘 × 𝑘 by fusing two modalities x and y. Also, there is
a total of nine possible 𝑀𝑜𝑑𝑎𝑙𝑖𝑡𝑦𝐶𝑜𝑚𝑏 , so total fused scores (FS)∈
R9×𝑘×𝑘 .

3.2.2 Fused Features: In contrast, the motive of getting fused
features (FF) is to extract meaningful information from the multi-
modality, which helps to understand the semantic inter-dependencies
between modalities.

We first reshape the modality-wise features to 𝑑 × 1 and then
multiply both the modalities (i.e., x and y) to extract the FF∈ R𝑑×𝑑 .
Then, we take the sum over each raw to get the normalized features
that also reduce the vector size, i.e., FF∈ R𝑑 . As, we have 𝑘 represen-
tations w.r.t. each modality, we will obtain a matrix of size 𝑘×𝑘×𝑑 by
fusing two modalities x and y. Also, there is a total of nine possible
𝑀𝑜𝑑𝑎𝑙𝑖𝑡𝑦𝐶𝑜𝑚𝑏 , so total fused features (FF)∈ R9×𝑘×𝑘×𝑑 .

3.3 Attention Mechanism
The fusions that we obtain may be of noisy because it is quite pos-
sible that 𝑘𝑡ℎ𝑥 representation of modality x may not fuse effectively
with 𝑘𝑡ℎ𝑦 representation of modality y, but may instead fuse most
effectively with any of 1𝑠𝑡𝑦 , 2𝑛𝑑𝑦 , ..., (𝑘 − 1)𝑡ℎ𝑦 representation of modal-
ity y. So, we apply an attention mechanism to select the best fusions
and exclude the noisy fusions among these 9 × 𝑘 × 𝑘 fusions. The
detailed steps of the attention mechanism are explained below.

3.3.1 Softmax: We apply Softmax (𝑆) over FS (∈ R9×𝑘×𝑘 ) to
compute the probability score1. Each value in 9×𝑘 ×𝑘 fusions signi-
fies the degree of association between the 𝑘𝑡ℎ𝑥 and 𝑘𝑡ℎ𝑦 representation
of modality x and y.

3.3.2 Max and Argmax: The max and argmax operations are
applied over the softmax matrix (S∈ R9×𝑘×𝑘 ). The max operation is
done with the intuition that a particular 𝑀𝑜𝑑𝑎𝑙𝑖𝑡𝑦𝐶𝑜𝑚𝑏 fusion may
have more contribution towards correct prediction rather than other
𝑀𝑜𝑑𝑎𝑙𝑖𝑡𝑦𝐶𝑜𝑚𝑏 . Thus, we get the element-wise max value among all
𝑀𝑜𝑑𝑎𝑙𝑖𝑡𝑦𝐶𝑜𝑚𝑏 which means we first take 𝑘𝑡ℎ score from each nine
𝑀𝑜𝑑𝑎𝑙𝑖𝑡𝑦𝐶𝑜𝑚𝑏 fusion and then take max value among these.

In contrast, the intuition of applying argmax operation is to get
the contributing intermodal fusion. We depict the overall pictorial
representation of max and argmax operation in Figure 2 where each

1Please note that, the sum of each row of softmax matrix is equal to one.
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cell o represents a unit value or score. In Figure 2, the first cell of
the max matrix shows the maximum values while the argmax matrix
gives the contributing 𝑀𝑜𝑑𝑎𝑙𝑖𝑡𝑦𝐶𝑜𝑚𝑏 (first score is from AV; this is
why the argmax value is 8).

Also, max and argmax operations reduce the implementation cost
by reducing the matrix size from 9 × 𝑘 × 𝑘 to 𝑘𝑘 by selecting only
contributing 𝑀𝑜𝑑𝑎𝑙𝑖𝑡𝑦𝐶𝑜𝑚𝑏 instead of taking all.

Figure 2: Description of Max and Argmax module. Different col-
ors in the matrix of max describe which combination of modality
in contributing the most.

3.3.3 Attentive Features: We have obtained fused features, but
we take only those features that contribute to the final prediction and
neglect the rest by multiplying with zeros. For attentive features, we
use the argmax matrix to extract only the contributing features. Then,
a multiplicative gating function [Dhingra et al. 2016] is computed
between the attentive features and max matrix (attentive scores) to
give priority to attentive features. Finally, we concatenate all the
features and pass them through the softmax layer for sentiment
classification.

4 DATASETS, EXPERIMENTS, AND ANALYSIS
4.1 Datasets
For the evaluation of our proposed approach, we employ three low-
resource multimodal benchmark datasets2 which are as follows;
YouTube [Morency et al. 2011]: The dataset contains 269 product
review utterances across 47 videos. There are 169, 41, and 59 ut-
terances in training, validation, and test sets. MOUD [Pérez-Rosas
et al. 2013]: It is a collection of 79 product review Spanish videos
where each video consists of multiple utterances labeled with either
positive, negative, or neutral sentiment. There are 243 utterances
in training, 37 in validation, and 106 in test sets. ICT-MMMO
[Wöllmer et al. 2013]: It is an extension of the YouTube opinion
mining dataset that extends the number of videos from 47 to 340.
Each online social review video is annotated with the sentiment class.
There are 220, 40, and 80 videos in training, validation, and test sets.

4.2 Experimental Setup
We evaluate our proposed model on three multi-modal datasets:
YouTube, MOUD, and ICT-MMMO. For all the three datasets, we
perform grid search to find the optimal hyper-parameters. Though
2These datasets can be accessed through https://github.com/A2Zadeh/CMU-
MultimodalSDK.

we push for a generic hyper-parameter configuration for all the
datasets, in some cases, a different choice of hyper-parameters has a
significant effect on the overall performance. Therefore, we choose
different hyper-parameters for different datasets in our experiments.
Details of hyper-parameters for different datasets are depicted in
Table 1.

Parameters YouTube MOUD ICT-MMMO
Bi-GRU 300N 150N 300N
Dense (FC) 100N 50N 50N
#Filters 8 8 8
#Filter size (H,W) (1,5) (1,3) (1,3)
Stride (H,W) (1,1)
Output Softmax
Optimizer Adam (lr=0.001)
Loss Cross-entropy
Batch 8
Epochs 100

Table 1: Model configurations

We implement our proposed model in PyTorch, a Python-based
deep learning library. As evaluation metric, we employ accuracy and
F1-score and Softmax as classifier and optimize the categorical cross
entropy loss. We use Adam as an optimizer. Please note that we run
experiments using GPUs (GPU: 1080Ti with 11GB, RAM: 256GB).

4.3 Comparative Analysis
We compare the performance of our proposed model against several
existing and recent state-of-the-art systems3. In particular, we com-
pare with the following systems: Multi-Attention Recurrent Network
(MARN) [Zadeh et al. 2018b], Memory Fusion Network (MFN)
[Zadeh et al. 2018a], Intermodal Interactive Module (IIM) [Chauhan
et al. 2019], Tensor Fusion Network (TFN) [Zadeh et al. 2017],
Bi-directional Contextual LSTM (BC-LSTM) [Poria et al. 2017a],
Multimodal Factorization Model (MFM) [Tsai et al. 2018].

We show the comparative results in Table 2. The experimental
results show the effectiveness of our proposed approach with the
accuracies of 59.3%, 83.0%, and 84.1% for the YouTube, MOUD,
and ICT-MMMO datasets, respectively. We also perform a statistical
significance test (paired T-test) between the obtained results and
the best score from state-of-the-art systems. We observe that perfor-
mance improvement in the proposed model over the state-of-the-art
is significant with 95% confidence (i.e., p-value< 0.05).

4.4 Ablation Study
To show the efficacy of multi-representative fusion, we perform an
ablation study of our proposed model against a basic version without
multi-representative fusion, which is called a baseline model. We
show the ablation results in Table 3. The ablation study shows the
importance of multi-representative fusion with the approximately
5.1, 4.7, and 2.3 performance improvement points over the baseline.
We also show a line chart to show the improvement of the proposed
MRF over baseline.

3Please note that we report all the results, which are available for comparison
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YouTube MOUD ICT-MMMO
System F1 𝐴3 F1 𝐴2 F1 𝐴2

MARN† - 48.3 81.2 81.1 - -
MFN† 51.6 51.7 80.4 81.1 73.1 73.8
IIM 55.1 55.9 82.0 82.4 81.4 82.7
TFN† - - - - 72.6 72.5
BC-LSTM† 45.1 - - - - -
MFM 52.4 53.3 81.7 82.1 79.2 81.3
Proposed 56.8 59.3 82.7 83.0 82.0 84.1
T-test 0.0005 0.0041 0.0006 0.00003 0.031 0.040

Table 2: Comparative results; †Values are taken from [Tsai et al.
2018]. Significance T-test (< 0.05) signifies that the obtained re-
sults are statistically significant over the existing systems with
95% confidence score. Here, 𝐴3 and 𝐴2 are three-class (negative,
neutral, and positive) and two-class (positive and negative) clas-
sification accuracies, respectively.

YouTube MOUD ICT-MMMO
System F1 𝐴3 F1 𝐴2 F1 𝐴2

Baseline 53.3 54.2 77.8 78.3 80.1 81.8
Proposed 56.8 59.3 82.7 83.0 82.0 84.1
Table 3: Ablation results for our proposed model

50
55
60
65
70
75
80
85

F1 A3 F1 A2 F1 A2

Baseline Proposed

Figure 3: Line chart: baseline vs. proposed MRF

5 ANALYSIS OF MRF
We take a random word from the YouTube dataset and show the
argmax matrix (left) corresponding to that word in Table 4.

𝑓1𝑓1𝑓1 𝑓2𝑓2𝑓2 𝑓3𝑓3𝑓3 𝑓4𝑓4𝑓4 𝑓5𝑓5𝑓5 𝑓6𝑓6𝑓6 𝑓7𝑓7𝑓7 𝑓8𝑓8𝑓8

𝑓1𝑓1𝑓1 1 2 3 7 8 8 9 5

𝑓2𝑓2𝑓2 9 1 2 5 7 7 8 5

𝑓3𝑓3𝑓3 8 9 1 5 4 5 7 4

𝑓4𝑓4𝑓4 7 8 9 4 3 5 5 3

𝑓5𝑓5𝑓5 5 7 8 3 2 4 5 2

𝑓6𝑓6𝑓6 5 5 7 2 1 3 4 1

𝑓7𝑓7𝑓7 4 5 5 1 9 2 3 9

𝑓8𝑓8𝑓8 3 4 5 5 8 1 2 8 0

5

10

15

20

TT VV AA TV VT TA AT AV VA

Table 4: Argmax matrix (left) and bar-chart (right) shows the
Contribution of ModalityComb

In the argmax matrix, (𝑓𝑖 , 𝑓𝑗 ) denotes the argmax value, repre-
senting the most contributing combination of modalities among all
the nine combinations. For example, (𝑓1, 𝑓5)=8 represents that AV
is contributing the most when filter-1 of A and filter-5 of V are
fused. Similarly, (𝑓2, 𝑓5)=7 represents that AT is contributing the
most. Thus, we observe that each filter captures different or diverse
information w.r.t. modalities. We also show the argmax matrix in the
form of a bar-chart (right) to easily show the contribution of each
combination of intermodal fusion (in percentage).

We perform a study to justify that MRF is a noise invariant. We
make some changes in the dataset in terms of putting zeros4 instead
of actual acoustic embedding for some words in some utterances. We
then train the model on this changed dataset, and we get the approx-
imately same accuracy of 59.27% while the proposed accuracy is
59.29%. We observe that model is trying to ignore acoustic modality
because of not contributing much in the prediction and focusing on
other modalities, i.e., T and V. For the same word as in Table 4, we
show argmax and bar-chart in Table 5. The bar-chart (right side in
Table 5) clearly shows the reduction in the contribution of acoustic
modality because of the noise. This states that if one or more than
one noisy modalities are there, then MRF will try to ignore these
modalities. This proves the efficacy of our proposed MRF.

𝑓1𝑓1𝑓1 𝑓2𝑓2𝑓2 𝑓3𝑓3𝑓3 𝑓4𝑓4𝑓4 𝑓5𝑓5𝑓5 𝑓6𝑓6𝑓6 𝑓7𝑓7𝑓7 𝑓8𝑓8𝑓8

𝑓1𝑓1𝑓1 1 9 5 1 2 4 5 8

𝑓2𝑓2𝑓2 4 4 8 5 1 2 5 7

𝑓3𝑓3𝑓3 2 4 5 7 9 1 5 4

𝑓4𝑓4𝑓4 5 6 3 1 2 2 4 2

𝑓5𝑓5𝑓5 6 4 5 2 7 4 3 2

𝑓6𝑓6𝑓6 5 1 3 4 6 7 2 1

𝑓7𝑓7𝑓7 2 3 9 4 5 6 1 8

𝑓8𝑓8𝑓8 4 2 1 2 3 4 9 5 0

5

10

15

20

TT VV AA TV VT TA AT AV VA

Table 5: Argmax matrix (left) and bar-chart (right) shows the
Contribution of ModalityComb

We also perform some other experiments to learn the behavior
of MRF. We observe that when one or two modalities are noisy,
then MRF works fine. Please note that the term noisy means some
utterances are noisy, not all utterances. But when all three modalities
are noisy corresponding to a word, which has an important role in the
prediction, MRF fails to predict the actual label for the utterances.

6 CONCLUSION
In this paper, we have successfully established the concept of ob-
taining effective fusions for low-resource multimodal affect analysis.
We have proposed a multi-representative fusion mechanism that
generates diverse fusions with multiple modalities and then chooses
the best fusion among them. We have also proposed an attention
mechanism for handling noisy representation that focuses only on
contributing representation and ignores the noisy representation. We
have evaluated our proposed approach on three multimodal datasets
4We replace word-embedding (∈ 𝑑) to zeros and treat zero as a noise.



An Efficient Fusion Mechanism for Multimodal
Low-resource Setting SIGIR ’22, July 11–15, 2022, Madrid, Spain

(i.e., YouTube, MOUD, and ICT-MMMO). Experimental results sug-
gest the effectiveness of our proposed model for sentiment analysis
over the existing state-of-the-art systems.

For future work, we would like to apply this multi-representative
fusion mechanism to different areas of natural language processing,
e.g., machine translation, text summarization, question answering,
information retrieval, etc.
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