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Abstract

MO D E S :
TE XT

In the last decade, video blogs (vlogs) have
become an extremely popular method
through which people express sentiment.
The ubiquitousness of these videos has increased the importance of multimodal fusion models, which incorporate video and
audio features with traditional text features
for automatic sentiment detection. Multimodal fusion offers a unique opportunity to build models that learn from the
full depth of expression available to human viewers. In the detection of sentiment
in these videos, acoustic and video features provide clarity to otherwise ambiguous transcripts. In this paper, we present a
multimodal fusion model that exclusively
uses high-level video and audio features
to analyze spoken sentences for sentiment.
We discard traditional transcription features in order to minimize human intervention and to maximize the deployability of our model on at-scale real-world
data. We select high-level features for our
model that have been successful in nonaffect domains in order to test their generalizability in the sentiment detection domain. We train and test our model on the
newly released CMU Multimodal Opinion
Sentiment and Emotion Intensity (CMUMOSEI) dataset, obtaining an F1 score of
0.8049 on the validation set and an F1
score of 0.6325 on the held-out challenge
test set.

AU D I O

VI D E O

MAC HI NE L E ARN IN G M O D E L

TRA NS C R I P TI O N

Figure 1: A blindspot in multimodal sentiment
analysis is the inclusion of human-transcriptions
of spoken sentiment, which limits model applicability. We address this by using only prosodic and
visual features for sentiment classification.

1

Introduction

Multimodal fusion models in the spoken-word domain incorporate features outside of text-based
natural language processing (NLP) to increase
model performance. These models benefit from
the full scope of person–person interaction, which
provides both context and clarification for speech
that is ambiguous as text alone. The addition of
multimodal data has been shown to increase model
performance across a broad set of spoken-word
fields, such as sarcasm (Joshi et al., 2017), question (Donnelly et al., 2017) and sentiment (Zadeh
et al., 2017) detection. Each of these examples
contains speech that can be difficult to infer from
transcribed text—instead, the speaker’s intent is
clarified to listeners via intonations or expressions.
It follows that machine learning models trained to

include domain knowledge from these modalities
would likewise be able to correctly interpret complex communication.
Multimodal sentiment analysis (MSA) is one
example of ambiguous speech that has been shown
to benefit from additional modalities (Zadeh et al.,
2017, 2018a; Chen et al., 2017; Poria et al.,
2017b; Yu et al., 2017). MSA is the identification of the explicit or implicit attitude of a
thought or sentence toward a situation or event.
In recent years, the online community has been
shown to frequently express sentiment orally
in videos or recordings uploaded to sites like
Youtube or Facebook. These spoken-word opinion pieces have been collected and annotated into
large high-quality multimodal sentiment datasets
(Zadeh et al., 2016; Busso et al., 2008; PrezRosas et al., 2013; Wollmer et al., 2013; Park
et al., 2014). Recently, the largest annotated sentiment dataset to date, CMU-MOSEI, was released
(Zadeh et al., 2016). This dataset contains over
23,500 spoken sentence videos, totaling 65 hours,
53 minutes, and 36 seconds. This large quantity of
data comes from real-world expressions of sentiment, offering a unique opportunity to train and
test model performance and generalization on a
large dataset. Additionally, Zadeh et al. (2018b)
released a software development kit (SDK) for
training and testing models on the CMU-MOSEI
dataset, with future work focusing on addition of
other multimodal datasets. These releases culminated in a challenge focused on human multimodal
language with the opportunity to train a model and
evaluate it on a held-out challenge test set.
As is common in sentiment datasets, the MOSEI dataset includes features from human transcriptions of speech (Soleymani et al., 2017; Poria et al., 2017a). Ideally, models trained to annotate sentiment will operate on real-world data
with as few barriers to deployment as possible in
order to maximize efficiency and continuity. The
use of human transcripts represents one of these
barriers—it greatly limits the scalability of models in the real-world due to the time and cost in
transcription and the inequality in quality between
human and computer transcripts (Morbini et al.,
2013; Blanchard et al., 2015).
The goal of this work is to build a model that
broadly generalizes to unseen data using only
scalable audio and visual features, reducing the
need for transcription of human speech. In or-

der to achieve this, we implement a model pipeline
which has been successfully deployed in domains
of sensitive and affectively impactful video analysis (Moreira et al., 2019). From this pipeline, we
select simple high-level video features and a generalized subset of audio features extracted using
openSMILE (Eyben et al., 2010). We further test
the generalizability of this pipeline by evaluating
its applicability to the MSA domain.
Additionally, this pipeline automatically extracts interpretable features that highlight model
attention. These features can be easily mapped
back to videos, as shown by Moreira et al. (2016),
which allows easy interpretation of model performance. Although recent work in MSA has begun exploring applicability of deep learning features, these models mostly achieve high performance numbers in specific scenarios but have poor
generalizability and interpretability (Poria et al.,
2018).
In the next section, we examine related work
on multimodal sentiment analysis. Section 3 explains the model pipeline and evaluation procedure. Section 4 presents our model results on the
CMU-MOSEI validation set and the grand challenge held-out test set. Finally, in Section 5 we
discuss our results, our model’s limitations, and
propose future work to improve our model.

2

Related Work

Traditionally, sentiment analysis has been considered a natural language processing (NLP) problem, with data that largely consists of transcribed
speech or written essays. The rise of YouTube and
other video websites has facilitated an increase in
multimodal forms of sentiment expression leading
to the release of a number of high-quality video
datasets annotated for sentiment (Zadeh et al.,
2016; Busso et al., 2008; Prez-Rosas et al., 2013;
Wollmer et al., 2013; Park et al., 2014). These
datasets have in turn led to an increased interest in
multimodal fusion of video, audio, and text modalities for multimodal sentiment analysis (MSA), as
summarized in recent surveys (Soleymani et al.,
2017; Poria et al., 2017a).
2.1

Sentiment Analysis in the Wild

A known issue with multimodal sentiment analysis (MSA) is the overemphasis on text features
as opposed to visual or audio clues (Poria et al.,
2017a). In spoken sentiment, text restricts the ap-

Figure 2: Pipeline of our method with three stages: (i) low-level description of audio/visual stream, (ii)
mid-level description of audio/visual stream using a trained bag-of-words model for each modality and
(iii) training a classifier to predict class of the features. Fusion can be performed using the second stage
features, the third stage score prediction or the thresholded score output labels.
plicability of the model in the wild due to human
labor costs of transcription. However, given that
a large majority of multimodal sentiment datasets
include transcriptions, it is understandable that
most researchers in this field have included these
features in their models. Rather than minimizing this text-based work, our goal is instead to increase focus on audio and visual modalities as a
key area for future MSA research. In this way, we
are able to emphasize the real-world scalability of
our model by excluding text features. Thus, we
limit our review of previous work to recent applications of multimodal fusion of audio and visual
features for MSA.
Recent work in MSA using only audio and visual features is relatively sparse, despite the swath
of such models in emotion detection (Poria et al.,
2017a). Poria et al. (2015) extracted a multitude of frame-level video features and sentencelevel audio features for multimodal fusion. They
used feature selection to optimize classification of
sentiment polarity (positive, negative, or neutral
sentiment) and built an audio-visual model that
achieved a validation accuracy of 83.69%. Unfortunately, their study contains minimal focus on
interpretability of generated and selected features.
Poria et al. (2018) recently published work that
established baseline performance on MSA across
a range of models and datasets. Their findings confirmed that multimodal audio and visual
models have lower performance than multimodal
models that contain text. They also found that
MSA model performance plummets, regardless

of modality, on cross-dataset tests. Additionally,
Poria et al. (2018) presented a machine learning
model using audio and video features. They extracted video features using 3D convolution filters,
and selected relevant features with a max-pooling
operation. Their audio-visual model was evaluated on a variety of datasets, achieving accuracies between 67.90% and 78.80%, depending on
the dataset and on training with same-speaker inclusion or not. Additionally, they report their results for various modality fusion techniques, with
scores ranging between 58.6% and 65.3%.
The difference between our work and these
related works is our method of extracting features from video and representing video segments,
which will be detailed in the next section. Additionally, the related works use a large set of audio
features provided by openSMILE (Eyben et al.,
2010), while we employ only prosodic features for
speech analysis, namely fundamental frequency,
voicing probability, and loudness contours.
2.2

Model Inspiration and Success in
Non-affect Domains

Our approach follows the precedent set by Moreira
et al. (2019), who developed a generalized multimodal framework that focuses on robust, handcrafted features. Their architecture provides an efficient and temporally-aware technique for multimodal data processing and has been shown to generalize across different domains, achieving stateof-the-art performance in pornography and violence detection with no human intervention. In-

spired by the promising results of this work and
interested in further domain applications for the
framework, we extract similar features from the
MOSEI dataset to build a scalable solution to sentiment analysis in our study.

3

Methods

Sentiment expression and interpretation comprise
abstract and complex phenomena, whose translation to audio and visual characteristics is not
straightforward. To cope with such complexity
in a computationally affordable way (i.e., small
runtime and low-memory footprint) we employ a
Bag-of-Features-based (BoF) solution to the multimodal sentiment analysis (MSA) domain. BoF
models reduce raw data from a modality into a
collection of key local features. This technique reduces the semantic gap between the low-level audio and visual data representation, and the highlevel concept of sentiment.
Our model training pipeline is presented in Figure 2. Broadly, the pipeline extracts key features
from the sentiment sentence videos and computes
a confidence score for each modality. Then, the
pipeline performs multimodal score fusion, generating a sentiment prediction. Full details can be
found in Moreira et al. (2016). Aside from experimenting with different fusion techniques, we performed no hyperparameter tuning in order to test
the model’s domain adaptation.
One limitation of this training architecture is
that currently the feature extraction portion of the
framework is only trainable on two class problems. Thus, we binarize sentiment into positive
and negative classes. Ideally, this training process
will be modified in the future – for now, the ground
truth scores are thresholded with values > 0 being
positive and ≤ 0 being negative.
The BoF-based feature processing portion of
the pipeline is divided into three levels:
Level 1: Low-level Feature Extraction. At
this stage we extract low-level features from raw
data. In our case, the audio and video streams in
the raw videos are first separated and segmented.
Temporal Robust Features (TRoF) (Moreira et al.,
2016) are then extracted from the video frames.
TRoF works by considering Gaussian derivatives
for both the spatially and temporally co-located
pixels in a set of video frames. Thus, it isolates
and captures important spatiotemporal portions for
motion description. The pixels of these portions

can then be sampled across space and time, prior
to being described by regular Speeded-Up Robust
Features (SURF) (Bay et al., 2008).
From the audio stream, we extract prosodic features using the sub-harmonic sampling algorithm
provided by openSMILE (Eyben et al., 2010). We
limit our selection of audio features from openSMILE to correspond with essential features for
speech analysis, namely fundamental frequency,
voicing probability, and loudness contours of the
audio waves. These features have been identified as important in related implementations of the
pipeline Moreira et al. (2019).
Level 2: Mid-level Feature Extraction. At
this stage we employ a mid-level coding step that
quantizes the low-level features according to codebooks. Codebooks are a modular way of representing important features that provide a coarser
representation of the video content that is closer
and aware of the binarized concept of sentiment.
Separate codebooks are created for each modality.
For each codebook, we estimate Gaussian Mixture Models (GMM) from one million low-level
features, with half of of the features coming from
negative-sentiment examples, and the other half
coming from positive-sentiment examples. Both
GMMs are comprised of 256 Gaussian distributions. After quantization, using the codebook, a
pooling step summarizes all of the the mid-level
features into a single feature vector for each video
segment.
Interpretable features can be extracted from the
pipeline using the learned codebook, as described
by Moreira et al. (2016).
Level 3: Confidence Generation. Once we obtain the mid-level feature vector for each of our
video sentences, a separate linear Support Vector
Machine (SVM) classifier is trained for each data
modality. In order to optimize the SVM for classification accuracy, we perform a 5-fold cross validation and select the best C, a SVM hyperparameter, using a log2 scale in the range [-3,15]. Confidence scores are generated using the distance of
the samples from the boundary learned by the classifier during training. These scores are then normalized between 0 and 1.
3.1

Prediction Using Multimodal Fusion

Once we obtain confidence scores for each video
segment, we employ two late fusion techniques
to predict the class of each of the segments. Our

methods are inspired by the domain of Biometrics
(Ross and Jain, 2003), which has a long history of
employing multiple modalities in real-world applications to improve model performance.
1. Score-level Fusion The normalized scores
for video frame classification and audio signal classification are averaged to obtain our
final classification scores. To further extend our fusion-based approach, the weight
of each of the two scores contributing to
the mean is treated as a hyperparameter, θ.
For the validation results we weight both the
scores equally and threshold the scores at 0.5
to obtain labels. For evaluation on the test
set, we choose the relative weight parameter
corresponding to the most accurate validation
results. The objective function used to optimize the hyperparameter is defined as:
arg min
θ

nc
N
1 X 1 X
I(yi 6= yˆi )
N
nc
c=1

(1)

i=1

Here, yˆi can be defined as:
yˆi = th(θ∗vScorei +(1−θ)∗aScorei ) (2)
Equation 1 denotes the average number of
classification errors across all classes. N represents the number of classes (in our case, 2)
and nc corresponds to the number of samples
belonging to class c. yi is the ground truth
label and yˆi is obtained by thresholding the
weighted average score as presented in Equation 2. I(.) is an indicator function that takes
values 1 when yi is equal to yˆi . th(.) is the
thresholding function that uses (1 − θ) as the
threshold corresponding to each value of θ in
the equation. The optimized hyperparameter
was chosen after testing with grid search in
the range [0,1] with a step of 0.2. Here, yˆi
for θ = 0 and θ = 1 correspond to unimodal
(either video or audio) classification labels.
2. Output-level Fusion This is a simple fusion technique applied through the method of
thresholding all of the scores obtained from
our classifiers. The thresholded scores are
∈ {−1, 0, 1} and are applied upon uniform
binning of the raw confidence scores. We
added the thresholded scores for both our
modalities and scaled them to a range of 0
to 1. This score was then able to act as the

predicted score for a video to belong to a particular class.
3.2

MOSEI

For this work we trained, tested, and validated our
model on the MOSEI dataset (Zadeh et al., 2016).
The dataset was composed of over 23,500 spoken sentence videos, totaling 65 hours, 53 minutes, and 36 seconds. The dataset had been segmented at the sentence level; the sentences had
been transcribed, and audio, visual, and textual
features had been generated and released as part a
public Zadeh et al. (2018b) software development
kit (SDK). Additionally, raw videos were available
for download. Each video had been human scored
on two levels: sentiment, which ranges between [3,3], and emotion, which had six different values.
For the purpose of this work, we focused only on
the sentiment scores.
For our purposes we extracted features from
the raw videos and used the SDK to obtain the
dataset’s training, testing, and validation sets.
3.3

Evaluation Metrics

Our model output presents predictions as binary
positive or negative classes as well as a confidence
metric for each video sentence.
We evaluated our model’s performance on basic
classification of sentiment using precision, recall
and F1 -scores. We selected these metrics because
they are known to report accurate performance
representation on imbalanced classes. Since these
metrics are defined for two-classes, we binarize
the ground truth scores values by thresholding values > 0 as positive and the remaining as negative.
Although we trained the SVM classifier for binary predictions, the confidence scores obtained
from the classifier for each sample are continuous and can be used to perform regression. Since
sentiment scores in the dataset scale between [-3,
3], we scaled our confidence scores to match the
expected distribution of sentiment using a linear
transformation function. These were the predictions that we submitted to the ACL2018 Grand
Challenge. We also performed a regression between the ground truth scores and scores obtained
by our methods on the validation set, and reported
the Mean Absolute Error (MAE) for these experiments alongside our classification results.

Table 1: Performance of individual modality and multimodal fusion for sentiment analysis on the validation set of CMU-MOSEI. MAE is the Mean Absolute Error.
Solution
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Precision

Recall

F1-Score

MAE

Audio Prosodic + SVM

0.7485

0.4831

0.5872

0.7919

Video TRoF + SVM

0.7928

0.7198

0.7545

0.7811

Score-level Fusion

0.8022

0.5749

0.6698

0.7849

Output-level Fusion

0.7729

0.8396

0.8049

0.7760

Results

In this section we present our results on both the
MOSEI validation set and the ACL2018 Grand
Challenge MOSEI test set. In the validation set
section we report the evaluation metrics we used
to assess the performance of our model and in the
test set section, we present the metrics used by the
ACL 2018 Grand Challenge organizers.
4.1

Validation Set Results

Using the metrics of evaluation described in Section. 3.3, we tested our proposed approach on the
validation set of the CMU-MOSEI dataset. In general, our model’s performance was comparable to
related work with the best method achieving F1score of 0.80. The classification and regression results are presented in Table 1. A finer analysis of
correct and wrong classification is presented in Table 3. The video portion of our model performed
well on the validation and our fusion techniques
resulted in improved performance with respect to
using unimodal models. However, the audio-only
model performed relatively poorly, indicating that
our model’s major weakness was in the audio domain. We expand upon this weakness in section
5.1.
4.2

Table 2: Performance of the proposed approach in
terms of the metric of evaluation used in ACL2018
Human Multimodal Language Challenge

Test Set Results

The classification metrics reported by the organizers on the test set include average F1 -score and average class accuracies considering different numbers of sentiment classes. For regression, they report MAE and the correlation coefficient between
ground truth and prediction scores. In the regression scenario, our submission method (Fusion 1)
obtained a MAE of 0.91 on the test set and 0.78
on the validation set. The specific metrics and the
values achieved by our method on the test set have
been reported in Table 2.

Metric

Value

Mean Average Error (MAE)

0.9108

Correlation Coefficient

0.3051

Average Binary Accuracy

0.6094

Average Weighted Binary Accuracy

0.6108

Average F1 Score

0.6325

Average 5-Class Accuracy

0.3320

Average 7-Class Accuracy

0.3296

We use a binary training technique and correspond the SVM confidence scores to sentiment intensities. However, these results suggest that continuity in our scores does not correspond well with
quantized sentiment bins.

5

Limitations and Future Work

In order to be deployed at scale in real-world
scenarios, machine learning models should have
minimal-to-no human intervention to becoming
fully automated. We maximized the automation
of our model by discarding human-transcription
data, instead relying solely on audio and video features. While this is an important step, we identified three major limitations of our model that
should be improved before it is deployed at-scale.
First, the quality of our chosen integration of audio
features resulted in a poor representation of sentiment. Second, our results show that SVM distance
does not map well to sentiment intensity. Third,
the CMU-MOSEI dataset pre-segments data into

Table 3: Confusion matrix of classification results
from the methods on the validation set of CMUMOSEI.
↓ Predicted

Actual →

Positive

Negative

Positive

Audio
Video
Fusion 1
Fusion 2

615
884
706
1031

613
344
522
197

Audio
Video
Fusion 1
Fusion 2

181
231
174
303

290
240
297
168

Negative

sentences and omits non-labeled segments. This
makes it impossible to obtain a realistic representation of real-world data using only this dataset.
By isolating and expanding on these obstacles and
their effects on our model’s performance, which
we do below, we are able to come to noteworthy
conclusions that can be incorporated into future
work.
5.1

Audio feature limitations

Audio features for our model were selected based
on comparison with related work (Moreira et al.,
2019). Unfortunately, our multimodal model
received relatively little benefit from the audio
modality when evaluated on the validation set. We
suspect that a major reason for this failure is the
relatively poor audio quality of the CMU-MOSEI
dataset compared with the dataset used for the related work, which was comprised of productionlevel videos with Hollywood-level audio qualities.
This is notable as an informative guide to the
unforeseen limitations of the previous dataset that
related work selected features on (Moreira et al.,
2019). Based on that dataset, we limited our
model to three audio features. However, Poria
et al. (2015) built an audio model which used a
large set of audio features (6,373 per video) to obtain a 74.49% classification accuracy for positive,
negative, and neutral sentiment. They found that
feature selection, which typically improves accuracy, actually decreases audio model performance
in the sentiment domain. This suggests that it
is better to use as many audio features as possible when building MSA models. We briefly investigated adding more audio features by extract-

ing 384 features from openSmile’s emotion feature set (Schuller et al., 2009). Unfortunately, this
model only obtained an F1 of 0.51, compared to
our model’s 0.59. In future work we plan to experiment with audio features further in order to find
what works best across domains.
5.2

SVM Distance Limitation

As noted in the results section, the continuous
scores generated for predictions using SVM are
more granular than the ground truth sentiment
scores. When the two are compared, the offset in
the scores can lead to higher errors than if they
were quantized in the same manner. Based on
our observations, we would suggest usage of other
techniques for extraction of sentiment intensity.
5.3

Dataset Limitations

The CMU-MOSEI dataset (Zadeh et al., 2016)
used to train and test our model provides a largescale breakdown of sentiment analysis. However, the dataset follows typical practices for multimodal sentiment datasets, which make it difficult
to train a fully automatic model. We identify practices which would increase automation. First, the
data is pre-segmented at the sentence level, resulting in no sentenceless data. For a model to be
employed in the real-world, it needs to be aware
of sentenceless data as well as imperfect sentence
boundaries. For example, human often segment
speech at the sentence or category level (Stolcke
et al., 2000; Zadeh et al., 2016), however, machine
learning algorithms have yet to perfect this practice. Previous work has found that NLP models are
prone to complete failure when presented with excess words or information, even when those words
are unrelated to the task (Jia and Liang, 2017).
Ideally, models in the real-world will be robust to
such noise.
Second, our model does not use human transcription in order to avoid limitations in real-world
applicability. However, text is a modality that
improves MSA. Rather than releasing text transcriptions for model building, we propose future
datasets release automatic speech recognition transcriptions. This would further model automation
by incorporating scalable transcription practices,
as is becoming more common in other domains
(Blanchard et al., 2016). Additionally, recent work
suggests the gap between human transcription and
ASR will soon be negated by advances in the
speech recognition domain (Stolcke and Droppo,

2017), furthering the argument that human transcription is no longer necessary for building models.
By including the full range of data and switching from human to ASR transcription, we believe that sentiment models can be trained, evaluated, and employed at-scale on real-world data.
Work on automating multimodal sentiment analysis should focus on model performance using
tractable methods of data collection; as exemplified by other domains intended to work with realworld data (Ram et al., 2018; Yan et al., 2016),
with human level transcriptions of data reported
as a comparison metric.

6

Conclusion

We conclude our study with the presentation of
the results of a generalized model for multimodal
sentiment analysis using only visual and audio
modalities. In this work, we completed two significant goals: first, we trained and evaluated a
MSA model at scale with minimal human intervention. Second, we tested the cross-domain generalizability of a model framework that has shown
great success in other multimodal domains. Although multimodal sentiment analysis has traditionally been characterized as a natural language
processing field driven by human transcription, we
believe that our results show the tractability of
models built without human-in-the-loop. We advise researchers to ensure that their future work
makes an effort to limit transcript-based datasets
by employing automatic speech transcription. By
doing this, they will be able to further minimize
human interaction and allow their models to approach full automation. This work is one component of a broader effort in the MSA community to expand MSA to process real-world data at
scale. Despite the limitations of our model, we believe that our work creates substantial groundwork
for further investigation of video- and audio-based
models.

References
Herbert Bay, Andreas Ess, Tinne Tuytelaars,
and Luc Van Gool. 2008.
Speeded-Up Robust Features (SURF).
Computer Vision
and Image Understanding 110(3):346–359.
https://doi.org/10.1016/j.cviu.2007.09.014.
Nathaniel Blanchard, Michael Brady, Andrew M. Olney, Marci Glaus, Xiaoyi Sun, Martin Nystrand,

Borhan Samei, Sean Kelly, and Sidney D’Mello.
2015. A study of automatic speech recognition in
noisy classroom environments for automated dialog
analysis. In International Conference on Artificial
Intelligence in Education. Springer, pages 23–33.
Nathaniel Blanchard, Patrick J. Donnelly, Andrew M.
Olney, Borhan Samei, Brooke Ward, Xiaoyi Sun,
Sean Kelly, Martin Nystrand, and Sidney K.
D’Mello. 2016.
Semi-Automatic detection of
teacher questions from human-transcripts of audio
in live classrooms. In 2016 Ninth International Conference on Educational Data Mining.
Carlos Busso, Murtaza Bulut, Chi-Chun Lee, Abe
Kazemzadeh, Emily Mower, Samuel Kim, Jeannette N. Chang, Sungbok Lee, and Shrikanth S.
Narayanan. 2008. IEMOCAP: Interactive emotional dyadic motion capture database. Language
resources and evaluation 42(4):335.
Minghai Chen, Sen Wang, Paul Pu Liang, Tadas Baltruaitis, Amir Zadeh, and Louis-Philippe Morency.
2017. Multimodal sentiment analysis with wordlevel fusion and reinforcement learning. In Proceedings of the 19th ACM International Conference on
Multimodal Interaction. ACM, pages 163–171.
Patrick J. Donnelly, Nathaniel Blanchard, Andrew M.
Olney, Sean Kelly, Martin Nystrand, and Sidney K.
D’Mello. 2017. Words matter: automatic detection of teacher questions in live classroom discourse using linguistics, acoustics, and context. In
Proceedings of the Seventh International Learning Analytics & Knowledge Conference. ACM,
New York, NY, USA, LAK ’17, pages 218–227.
https://doi.org/10.1145/3027385.3027417.
Florian Eyben, Martin Wllmer, and Bjrn Schuller.
2010.
Opensmile:
The Munich Versatile
and Fast Open-source Audio Feature Extractor.
In Proceedings of the 18th ACM International Conference on Multimedia. ACM, New
York, NY, USA, MM ’10, pages 1459–1462.
https://doi.org/10.1145/1873951.1874246.
Robin Jia and Percy Liang. 2017. Adversarial examples for evaluating reading comprehension systems.
arXiv preprint arXiv:1707.07328 .
Aditya Joshi, Pushpak Bhattacharyya, and Mark J. Carman. 2017. Automatic sarcasm detection: A survey.
ACM Computing Surveys (CSUR) 50(5):73.
Fabrizio Morbini, Kartik Audhkhasi, Kenji Sagae, Ron
Artstein, Dogan Can, Panayiotis Georgiou, Shri
Narayanan, Anton Leuski, and David Traum. 2013.
Which ASR should I choose for my dialogue system? In Proceedings of the SIGDIAL 2013 Conference. Metz, France, pages 394–403.
Daniel Moreira, Sandra Avila, Mauricio Perez, Daniel
Moraes, Vanessa Testoni, Eduardo Valle, Siome
Goldenstein, and Anderson Rocha. 2016. Pornography classification: The hidden clues in video spacetime. Forensic Science International 268:46–61.
https://doi.org/10.1016/j.forsciint.2016.09.010.

Daniel Moreira, Sandra Avila, Mauricio Perez,
Daniel Moraes, Vanessa Testoni, Eduardo Valle,
Siome Goldenstein, and Anderson Rocha. 2019.
Multimodal data fusion for sensitive scene localization.
Information Fusion 45:307–323.
https://doi.org/10.1016/j.inffus.2018.03.001.
Sunghyun Park, Han Suk Shim, Moitreya Chatterjee,
Kenji Sagae, and Louis-Philippe Morency. 2014.
Computational analysis of persuasiveness in social
multimedia: A novel dataset and multimodal prediction approach. In Proceedings of the 16th International Conference on Multimodal Interaction. ACM,
pages 50–57.
Soujanya Poria, Erik Cambria, Rajiv Bajpai, and Amir
Hussain. 2017a. A review of affective computing:
From unimodal analysis to multimodal fusion. Information Fusion 37:98–125.
Soujanya Poria, Erik Cambria, and Alexander Gelbukh. 2015. Deep convolutional neural network
textual features and multiple kernel learning for
utterance-level multimodal sentiment analysis. In
Proceedings of the 2015 conference on empirical methods in natural language processing. pages
2539–2544.
Soujanya Poria, Erik Cambria, Devamanyu Hazarika,
Navonil Majumder, Amir Zadeh, and Louis-Philippe
Morency. 2017b.
Context-dependent sentiment
analysis in user-generated videos. In Proceedings of
the 55th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers).
volume 1, pages 873–883.

In Tenth Annual Conference of the International
Speech Communication Association.
Mohammad Soleymani, David Garcia, Brendan Jou,
Bjrn Schuller, Shih-Fu Chang, and Maja Pantic.
2017. A survey of multimodal sentiment analysis.
Image and Vision Computing 65:3 – 14.
Andreas Stolcke, Noah Coccaro, Rebecca Bates, Paul
Taylor, Carol Van Ess-Dykema, Klaus Ries, Elizabeth Shriberg, Daniel Jurafsky, Rachel Martin, and
Marie Meteer. 2000. Dialogue act modeling for automatic tagging and recognition of conversational
speech. Computational linguistics 26(3):339–373.
http://dl.acm.org/citation.cfm?id=971872.
Andreas Stolcke and Jasha Droppo. 2017.
Comparing Human and Machine Errors
in
Conversational
Speech
Transcription.
arXiv:1708.08615 [cs] ArXiv:
1708.08615.
http://arxiv.org/abs/1708.08615.
Martin Wollmer, Felix Weninger, Tobias Knaup, Bjorn
Schuller, Congkai Sun, Kenji Sagae, and LouisPhilippe Morency. 2013. YouTube Movie Reviews: Sentiment Analysis in an Audio-Visual
Context. IEEE Intelligent Systems 28(3):46–53.
https://doi.org/10.1109/MIS.2013.34.
Jingwei Yan, Wenming Zheng, Zhen Cui, Chuangao
Tang, Tong Zhang, Yuan Zong, and Ning Sun. 2016.
Multi-clue fusion for emotion recognition in the
wild. In Proceedings of the 18th ACM International
Conference on Multimodal Interaction. ACM, pages
458–463.

Soujanya Poria, Navonil Majumder, Devamanyu Hazarika, Erik Cambria, Amir Hussain, and Alexander Gelbukh. 2018. Multimodal Sentiment Analysis: Addressing Key Issues and Setting up Baselines.
arXiv preprint arXiv:1803.07427 .

Youngjae Yu, Hyungjin Ko, Jongwook Choi, and Gunhee Kim. 2017. End-to-end concept word detection
for video captioning, retrieval, and question answering. In Computer Vision and Pattern Recognition
(CVPR), 2017 IEEE Conference on. IEEE, pages
3261–3269.

Vernica Prez-Rosas, Rada Mihalcea, and LouisPhilippe Morency. 2013. Utterance-level multimodal sentiment analysis. In Proceedings of the
51st Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers). volume 1, pages 973–982.

Amir Zadeh, Minghai Chen, Soujanya Poria, Erik
Cambria, and Louis-Philippe Morency. 2017. Tensor Fusion Network for Multimodal Sentiment Analysis. In Proceedings of the 2017 Conference on Empirical Methods in Natural Language Processing.
pages 1103–1114.

Ashwin Ram, Rohit Prasad, Chandra Khatri, Anu
Venkatesh, Raefer Gabriel, Qing Liu, Jeff Nunn,
Behnam Hedayatnia, Ming Cheng, Ashish Nagar,
Eric King, Kate Bland, Amanda Wartick, Yi Pan,
Han Song, Sk Jayadevan, Gene Hwang, and Art Pettigrue. 2018. Conversational AI: The Science Behind the Alexa Prize. arXiv:1801.03604 [cs] ArXiv:
1801.03604. http://arxiv.org/abs/1801.03604.
Arun Ross and Anil Jain. 2003.
Information
Fusion in Biometrics.
Pattern Recogn. Lett.
24(13):2115–2125. https://doi.org/10.1016/S01678655(03)00079-5.
Björn Schuller, Stefan Steidl, and Anton Batliner.
2009. The interspeech 2009 emotion challenge.

Amir Zadeh, Paul Pu Liang, Navonil Mazumder,
Soujanya Poria, Erik Cambria, and Louis-Philippe
Morency. 2018a. Memory Fusion Network for
Multi-view Sequential Learning. arXiv preprint
arXiv:1802.00927 .
Amir Zadeh, Paul Pu Liang, Soujanya Poria, Prateek
Vij, Erik Cambria, and Louis-Philippe Morency.
2018b.
Multi-attention Recurrent Network for
Human Communication Comprehension. arXiv
preprint arXiv:1802.00923 .
Amir Zadeh, Rowan Zellers, Eli Pincus, and LouisPhilippe Morency. 2016. Multimodal sentiment intensity analysis in videos: Facial gestures and verbal
messages. IEEE Intelligent Systems 31(6):82–88.

