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Abstract

Determining the emotional sentiment of a video remains a chal-
lenging task that requires multimodal, contextual understanding
of a situation. In this paper, we describe our entry into the EmotiW
2020 Audio-Video Group Emotion Recognition Challenge to clas-
sify group videos containing large variations in language, people,
and environment, into one of three sentiment classes. Our end-to-
end approach consists of independently training models for differ-
ent modalities, including full-frame video scenes, human body key-
points, embeddings extracted from audio clips, and image-caption
word embeddings. Novel combinations of modalities, such as laugh-
ter and image-captioning, and transfer learning are further devel-
oped. We use fully-connected (FC) fusion ensembling to aggregate
the modalities, achieving a best test accuracy of 63.9% which is 16
percentage points higher than that of the baseline ensemble.
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1 Introduction

The human ability to perceive the emotional context of a situation
is an essential aspect in understanding how the world operates. As
such, sentiment recognition has an important role in society, es-
pecially in interpersonal interactions. Specifically, emotions play
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a significant role in social experiences such as relationships, busi-
ness decisions, and learning. The prospect of using artificial intel-
ligence to automatically detect and analyze emotions has recently
become more popular due to applications in fields such as surveil-
lance, healthcare, and robotics. For instance, deep convolutional
neural network (CNN) models have been applied on facial data to
automatically detect forms of depression, which can help reduce
missed clinical diagnoses [1]. Moreover, emotional awareness is
key to understanding group dynamics and social cohesion. While
early affective computing research focused on individuals, there is
a push in recent years for analysis of the “group affect” within nat-
ural (i.e., “in the wild”) settings [2]. Analysis performed on these
real-world situations offers far more practical benefits than those
done in controlled settings, and translates better to real-world set-
tings such as videos captured on mobile phones.

In this paper, we discuss our entry into the EmotiW 2020 Audio-
Video Group Emotion Recognition grand challenge as part of the
ACM Conference on Multimodal Interaction. Here, we attempt to
classify “in the wild” group videos into one of three emotion cat-
egories: positive, neutral, or negative. The videos come from a di-
verse set of real-world situations where subjects can be found in en-
tirely different environments, lighting conditions, and video qual-
ities. While a traditional approach involves independently analyz-
ing each face within the video [3], this does not sufficiently capture
the social context within the scene, which is dependent on a vari-
ety of contextual clues such as the collective interactions between
individuals, as well as objects in the scene. A person joyfully crying
at a wedding invokes a different sentiment than a person painfully
crying after an injury. Even local factors, such as the relative posi-
tions of people in videos or level of face occlusion, can influence
the perception of the mood of the video [4].

To address the complexity of the task, we use top-down and
bottom-up approaches to train and ensemble multiple independent
models along the following tracks: (i) Scene: transfer learning for
full-frame sentiment analysis. (ii) Pose: CNN-LSTM model on ex-
tracted pose keypoints. (iii) Audio: CNN-LSTM model on extracted
audio features and embeddings to detect sentiment patterns. (iv)
Laughter: LSTM model transfer learning for laughter classifica-
tion. (v) Facial Expression: CNN-LSTM model transfer learning
to classify emotions of extracted faces. (vi) Image Captioning;:
GPT2-Transformer-based classifier on generated captions. We pre-
process the videos to extract relevant features for each modality,
such as the individual face locations within each frame. The out-
puts of the models for each modality are ensembled together to
perform a final sentiment prediction.


https://doi.org/10.1145/3382507.3417966
https://doi.org/10.1145/3382507.3417966

Our baseline for comparison is the highest-reported accuracy
for group-level video sentiment detection by Sharma et al. [5]. The
authors report validation accuracies of a transfer learning Inception-
v3 approach to sentiment classification of 52.1% with video alone
and 50.2% with both audio and video. The baseline accuracy on the
test set is 47.9%.

2 Related Works

While affective computing and sentiment analysis originates from
NLP, real-time affect prediction on multimodal videos is a rela-

tively new and challenging task. Because videos are high-dimensional

in nature, there are many feature modalities such as audio, pose
analysis, and facial expressions which can be leveraged for power-
ful classifiers. Moreover, unlike text and image processing, video
analysis requires heavy computational resources to achieve mean-

ingful results. Poria et al. [6] implemented computationally-expensive

3D convolutions in analyzing videos from the MOSI dataset [7]. For
further scene analysis, image captioning methods with attention,
such as those by Vinyals et al. [8] and Xu et al. [9], generate sen-
tence captions for images, but these methods have yet to be applied
for frame-level sentiment analysis in video.

By far, one of the most studied forms of sentiment analysis in im-
ages is facial expression recognition (FER): Goodfellow et al. [10]
first implemented deep learning for emotion recognition on the
FER2013 dataset, which includes facial images from the wild, sim-
ilar to those in the EmotiW dataset. Moreover, Zhang et al. [11]
showed how statistical methods such as wavelet entropy and fuzzy
support vector machines attain about 75% accuracy on the emotion
recognition task. Further work by Khanzada et al. [12] in 2020 ob-
tained current state-of-art accuracies of 75.8% by ensembling five-
layer CNNs and ResNet-based transfer learning networks.

Audio signal processing has been studied extensively and has
yielded insights into pure acoustic and multimodal affect detection.
audEERING® open-sourced the openSMILE library [13] to extract
low-level acoustic features from raw waveforms; Poria et al. [6]
used this library to classify sentiment in the MOSI dataset. The au-
thors reported the success of Long-Short Term Memory Recurrent
Neural Networks (LSTM-RNNG), specifically bi-directional LSTMs,
for audio and video modes in video sentiment analysis. Deep learn-
ing methods to classify audio sentiment include SoundNET [14]
and VGGish [15]. As of 2019, the highest performing model for
audio classification is the OpenL3 embedding model devised by
Cramer et al. [16]. Other aspects that relate to audio are specific
signatures in the clip, such as laughter. Laughter detectors, such
as those built by Ideo [17], generate binary output given a video
input, but lack applications for sentiment analysis. Furthermore,
emotions are heavily expressed through posture and kinesthetics:
in 2017, Hussain et al. [18] highlighted how poselets could be ex-
tracted for unimodal sentiment analysis of group images. Guo et
al. [19] reported how the skeletal axial point distribution in images
was a strong determining factor for overall sentiment.

For ensemble classifiers and related fusion methods, Poria et
al. [6] concatenated modalities such as audio, video, and textual
transcriptions and fed these into a final recurrent fusion layer for
multimodal classification. Lian et al. [20] combined transcriptions,
facial expression, and audio for a beam-search fusion classifier. In

another fusion approach, Hu et al. [21] implemented a supervised
scoring ensemble for concatenating class-wise scoring activations
for modalities, but this was limited to only audio and visual fea-
tures. This was a hierarchical approach that used successive layers
of supervised classifiers for a final prediction. In 2019, Majumdar
et al. [22] showed how variational autoencoders (VAEs) extract la-
tent representations of raw features that can then be fed into a
classifier. We emphasize that most prior work is limited to audio,
transcription, scene, and pose modalities, and there is a persistent
lack of novel modality integration.

3 Datasets
3.1 EmotiW Dataset

We used the training and validation dataset from the Group Emo-
tion Recognition subtask of the 2020 EmotiW Challenge. Sharma,
Ghosh, and Dhall [23] compiled 1,004 five-second clips from YouTube
videos of diverse everyday human interactions, spanning: protests,
military actions, birthday parties, and talk shows. The videos were
recorded in various languages including English, Chinese, and Ara-
bic. Since our model is independent of verbatim transcriptions, it
is language-agnostic and serves to highlight the universal nature
of how emotions manifest in human interactions.

The videos were pre-divided amongst training (63%), validation
(19%), and test (18%) groups. Each sliced video clip was labeled cor-
responding to the general sentiment conveyed: positive, neutral, or
negative. Clips had slight variations in frame rates, but generally
consisted of 125-150 frames. The training set class distribution was
30.1% positive, 34.7% neutral, and 35.2% negative, while the distri-
bution of the validation set was 39.4% positive, 36.6% neutral, and
24.0% negative.

4 Approach
4.1 Ensembling

Our best ensemble model took a fully-connected (FC) early fusion

ensembling approach: individual models, frozen after training, were
chopped at selected layers. Their exposed hidden layers were con-
catenated together and fed into a multi-layer perceptron with two

FC layers. The first hidden layer was followed by a ReLU non-
linearity and the second by a softmax classifier. The hidden lay-
ers selected for concatenation were often the bidirectional LSTM

layers, as all modalities had a time-dependent component. The FC

component was then trained with a categorical cross-entropy loss

function before yielding the final classification. Figure 1 describes

in greater detail the extraction and concatenation before input into

a non-linear dense network. We emphasize that our method intro-
duces the implementation of two novel modalities for sentiment

classification: laughter detection and image captioning.

Equation 1 illustrates the loss function we use on our final dense
network. While each modality has its own categorical cross-entropy
loss, we compute the final fusion’s loss function using the concate-
nated hidden layers as input and the sentiment classification as
output.
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Figure 1: Our model adds a non-linear dense classifier that is absent in traditional late fusion voting methods. We extract
hidden layers from the frozen, pretrained independent modalities and concatenate and insert them into a dense layer for
further training and final predictions. The fusion includes a novel implementation of image captioning and laughter detection

model embeddings for sentiment classification.

N
CCE(y,p) = - ) ilog(pi) (1)

i=1
Here, N is the number of validation/test examples. y is a one-hot
matrix of size N X C classes representing the target label of each
example. p is a matrix of size N by C representing the predicted
score of each class for each example. y; and p; are labels and scores

corresponding to the ith example.

4.2 Preprocessing

4.2.1 Scene We obtained approximately 38,000 training frames and
11,000 validation still frames from the video dataset by extracting

every 10th frame. Depending on the video frame rate, this corre-

sponded to two to three frames per second (FPS) or 10-15 frames

for the entire video clip. Each frame was resized with bilinear in-

terpolation to 480x320 pixels. To standardize downstream training,

we kept only the first 12 extracted frames of each video. We dis-

carded extraneous and missing video frames, representing them

as zero-arrays.

4.2.2  Pose Using the OpenPose library [24], we extracted 2D multi-
person pose keypoints from the preprocessed frames. For each per-
son, there were up to 25 keypoints available, each representing
the spatial coordinates of a different facial or body part within

the originating frame. We excluded facial and foot keypoints, as
they lacked consistent detection. The 13 remaining body keypoints
were normalized between zero and one while preserving relative
distances between them. If a frame contained more than one per-
son, we averaged the keypoints of all people in the frame. We fi-
nally augmented this data by the number of detected people within
each frame to produce twelve 27-dimensional embeddings for each
sample, detecting an average of 6.2 people per frame. On average,
we only extracted 72% of the available keypoints for each detected
person, as people were often occluded within the video clips.

4.2.3 Audio To address preprocessing the audio, we relied on the

OpenL3 model [25], which was pre-trained on millions of audio

segments from the AudioSet database [26]. From the audio extracted
from each video, we generated 6,144 embeddings with a hop size of

0.5, which corresponded to about 2 FPS. Because all the video files

are roughly five seconds in length, this translates to 11 embedding

frames per video. We zero-padded samples shorter than this cutoff

and normalized sets of frames on a per-sample basis.

4.24 Laughter We used a VGGish model pretrained on the Au-
dioSet data to extract 128-dimensional embeddings from each au-
dio clip [27], exclusively for the laughter detection model.



4.2.5 Facial Extraction For input to our downstream facial emo-
tion classification models, we extracted all faces from EmotiW’s
training and validation videos using the Face Recognition library
[28], which employed a pre-trained dlib ResNet network with 29
convolutional layers [29]. This preprocessing extracted a total of
65,000 faces from the training videos.

4.2.6 Image Captioning We used an attention-based model, pre-
trained for 20 million steps on Microsoft COCO [30], to generate
caption sentences; we tokenized these sentences and converted
them into 140-unit sized embeddings for input into an NLP-inspired
sentiment classification model.

4.3 Modalities

To perform sentiment classification, we trained and validated each

modality’s models independently on the preprocessed EmotiW dataset.

We determined the best performing model from each modality by
the lowest categorical cross-entropy loss on the validation dataset,
and used the best models for the final ensemble model training and
validation.

4.3.1 Scene The scene model chosen for the ensemble had a multi-
headed approach: the different heads provide redundancy, allow-
ing the model to use different aspects of the subspace produced
by the base model. We applied a ResNet-50 model, pre-trained on
ImageNet, directly to each extracted frame in a time-distributed ap-
proach, and fed this backbone’s output into three 2D convolutional-
LSTM layers, each with 10 filters and a 3x3 kernel-size. The three
separate outputs were concatenated together and fed back through
a fully-connected layer with L, weight regularization of e ™ and a
softmax classifier to perform the final sentiment prediction. We
used the Adam optimizer with a learning rate of e 72, and selected
this model’s configuration after performing a hyperparameter grid
search on both the regularization factor and the output dimension-
ality of the conv-LSTM layer. Alternative models using the above
architecture, but with VGG-19 and Inception-v3 as the base models,
were also trained for comparison.

4.3.2  Pose The pose model consisted of a bi-directional LSTM fol-
lowed by a dense layer and a softmax classifier. We applied L reg-
ularization of magnitude e™2 on each layer, before performing a
hyperparameter grid search on the regularization factor and the
number of LSTM output units. We also used the Adam optimizer
with a learning rate of e 2.

4.3.3  Audio The audio model was comprised of a CNN bidirec-
tional LSTM architecture: it has three CNN layers, with 64, 512,
and 512 feature map sizes, respectively. This was then followed by
two bi-directional LSTM layers. We fine tuned the learning rate
hyper-parameter using random search in the range of e™* to e,

and determined the optimal learning rate to be 4e™>.

4.3.4 Laughter To produce a single sigmoid output score [17], we
applied an LSTM-based laughter detection model pre-trained us-
ing 10-second-long, re-balanced AudioSet laughter clips on the pre-
extracted VGGish embeddings. These output scores were later used
as input features for the ensemble layer. No further fine tuning was
performed.

4.3.5 Facial Extraction Recognizing faces as important features
for classifying overall video sentiment and taking inspiration from
Ghosh et al. [31], we designed a pipeline model architecture to ac-
count for the predicted emotions of all faces extracted from the
video frames. For the base model, all extracted faces larger than
40%40 pixels were resized to 48x48 pixels, converted to grayscale,
and fed through an Xception-based FER network [32]. The output
consisted of seven predicted emotion probabilities, one for each
face, which resulted in a matrix of shape (F,7), where F was the
total number of faces in the given frame.

To standardize the embedding dimensions across videos, we ap-
plied the min, max, and average operations over each of the seven
emotion classes on the F faces in each frame. We also included F as
an additional feature, noting its importance in representing the na-
ture of the interaction depicted. The resulting 22 latent features for
each frame were then passed through a bidirectional LSTM layer
with 32 units, followed by a dense layer with eight neurons and
ReLU activation. This was finally followed by a dense layer with
three neurons and a softmax classifier. For training, the Adam op-
timizer was used with a learning rate of 5.

4.3.6 Image Captioning A GPT-2 transformer-based model pre-
trained on the WikiText-103 dataset was used as the base model
[33]. Following the methods described by Ruder et al. [33], we uti-
lized the BERT base cased tokenizer on the pre-generated image
captions. Two additional dense layers were added with output di-
mensions of 16 and 3, respectively. These last two layers were fine
tuned over nine epochs using a learning rate of 6.5¢™>.

5 Experiments

5.1 Ensembling

In addition to the fully-connected ensembling described previously,
we also analyzed various other approaches to ensemble the differ-
ent modalities.

5.1.1 Late Fusion Baseline late fusion voting decision classifiers
were initially used to join the softmax predictions of each of the
independent modalities. The confidence probabilities were either
averaged (soft voting), majority selected (hard voting), or weighted
across all modalities. For weighting, the scene modality output was
given more weight, by virtue of independently outperforming the
pose predictor. For soft voting, we attempted to weight modalities
equally (denoted by Soft in Table 4) as well as with the aforemen-
tioned weighting methods with the following weights: (i) Scene:
0.4, (ii) Pose: 0.1 (iii) Audio: 0.4, (iv) FER: 0.05, (v) Image Caption-
ing: 0.05. Hard voting used equal weights for all modalities. Note
that laughter was excluded in voting ensembles as the modality
could not independently predict sentiment.

5.1.2  Early Fusion We also researched early fusion methods, which
combined early hidden layers of the models. These alternative ap-
proaches added more complexity, but allowed us to contextual-
ize different modalities with each other. Early fusion followed by

dense layers was the best performing ensembling method; the FC

approach automatically resolved the weights and determined the

weighted contribution for each modality.



5.1.3  Variational Autoencoder The same concatenated hidden lay-
ers used by the FC ensembling approach were fed as input into
a VAE, generating latent z encodings of reduced dimensions. We
experimented with the number of encoded dimensions, ultimately
settling on 20. We then fed these z encodings into a fully-connected
classifier.

5.2 Ablation Study

After determining that the FC early fusion model performed the
best, we individually ablated each modality to determine which
ones impacted classification performance the most as shown in
Table 1. Figure 2 illustrates how modal ablations influenced model
decision making in corresponding confusion matrices. This study
revealed that the best performing models fused audio, scene, im-
age captioning, laughter, and either the pose or FER modality. The
five-modality model using pose achieved a validation accuracy of
64.0%.

6 Results
6.1 Quantitative Results

In evaluating our models, we considered the accuracy, precision,
recall, and the combined F1-score of each of the individual modal-
ities and ensemble model on the validation videos in the EmotiW
dataset. Because our models and methods can be applied to a va-
riety of real-world contexts, each requiring different metrics, it is
important for us to deeply understand their nuanced behavior.

Ablate Audio

Ablate FER

Pos Neu Neg

Ablate Scene

Table 1: Performance on the validation dataset after remov-
ing modalities from the FC early fusion ensemble architec-
ture shown in Figure 1. The following modalities are ablated
from the model.

Modality Ablated Precision Recall F1 Score

Scene .620 .605 .604
Pose .653 .639 .637
Audio 617 .606 .605
Laughter .650 .632 .629
FER .654 .639 637
Caption .653 .635 .633

6.2 Test Set Results

Our model achieved an overall validation accuracy of 64.0% and
test accuracy of 63.9%. This significantly outperformed the current
published baselines of 52.1% [5] on the validation data, as well as
47.9% on the test data. The entire breakdown of the classification
accuracy for all submissions is shown in Table 2.

The best model consisted of a fully-connected classifier applied
on an embedding produced from the concatenated outputs of five
unimodal classifiers: audio, scene, pose, image captioning, and laugh-
ter. Note that Submission 1 was optimized for the best validation
loss. Submission 2 was optimized for the best validation loss, but
also included a boosting layer to reclassify positive and neutral

Ablate Pose

Pos Neu

Ablate Laughter

Neg

Figure 2: Confusion matrices for all ablations on the fusion architecture in Figure 1, where only one modality is removed
per matrix. The matrix titles indicate the ablated modality. The positive class accuracy is lower when the scene modality is

removed. Ablating audio leads to lower neutral class accuracy.



Table 2: Submission results on the test dataset. We present all of our five submissions with the individual class accuracies,

along with global accuracy.

Model Pos Acc (%) Neu Acc (%) NegAcc(%) Overall Acc (%)
Submission 1: Scene (ResNet), Pose, Audio, Laugh, Caption 55.3 78.0 53.0 63.9
Submission 2: Scene (ResNet), Pose, Audio, Laugh, Caption 58.1 74.4 53.0 63.2
Submission 3: Scene (ResNet), Pose, Audio, Laugh, Caption 54.4 74.1 57.8 63.5
Submission 4: Scene (ResNet), Audio, Laugh, Caption 55.8 68.6 53.9 60.4
Submission 5: Scene (ResNet), Audio, FER, Caption 54.8 71.5 57.4 62.4
Baseline - - - 47.9

predictions. Submission 3 was optimized for the best validation ac-
curacy.

6.3 Unimodal Classifiers

Table 3 summarizes the results of each of the unimodal classifiers,
which were trained and validated independently. The laughter de-
tection model was excluded from this experiment, as the model
was trained to detect the binary laugh state, not the output senti-
ment.

Table 3: Summary of the best individual model perfor-
mances on the validation dataset.

Model Precision Recall F1 Score
Scene .547 .540 541
Pose 483 512 489
Audio .640 .580 577
FER .396 403 348
Image Caption 523 .534 .506

6.4 Ensemble Classifiers

Our early fusion technique yielded the best results with an F1 score
of 0.638 on the validation dataset. Early fusion outperformed late
fusion methods because it contextualized features earlier and al-
lowed the model to learn and backpropagate on concatenations of
different modalities. Thus, the feature spaces are interdependent,
allowing the model to learn the vital context associated with dif-
ferent modalities interacting together. The final dense model con-
fusion matrix is illustrated by Figure 3.

Table 4: Performance on the validation dataset for differ-
ent ensembling strategies. Each ensemble strategy uses the
same unimodal model outputs for all modalities.

Ensemble Precision Recall F1 Score
Hard .575 .548 .543
Soft 483 466 467

Weighted .629 .590 .579
VAE .282 445 341

FC-Fusion .655 .640 .638

FC Best Ensemble

Pos

Neu

0.06

Neg

Pos Neu Neg

Figure 3: The confusion matrix of our best dense model on
the validation set. It fuses all modalities except the VGG
scene and FER classifiers. The model scores particularly
high with neutral and negative classes, but struggles to dif-
ferentiate positives from neutrals.

6.5 Qualitative Results

6.5.1 Unimodal Scene When compared to other unimodal models,
the unimodal scene-based classifier excelled at predicting true pos-
itives and is the only model with a precision rate greater than 50%
for that category as shown in Figure 3. The scene model is also
fairly unbiased and robust, as it is not skewed towards any one
sentiment class. Nevertheless, it still has difficultly distinguishing
neutral labels from positive and negative labels. The saliency map
in Figure 4 shows that the model predominantly leverages faces
and hands for its predictions.

Unlike the facial modality, the scene model is invariant to the
orientation of the body and face. Thus, it may use features from
the scene even if the person has their back to the camera or parts
of the body are occluded.

6.5.2 Unimodal Pose Similar to the audio model, the pose model
is fairly robust at predicting true negative sentiments but poor at
predicting true positive sentiments. This model also in general has
alower validation accuracy. This is not surprising, given that there
is great variation in the number of keypoints extracted within each
video. The pose model focuses predominantly on upper body joints,
specifically the hands and elbows as shown in Figure 5.



Figure 4: Three sequential sample frames overlayed with
a saliency map of the ResNet-LSTM model performed on
a negative sentiment video clip. The model often focuses
on human figures and subjects, especially those in the fore-
ground.
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Figure 5: Saliency map with respect to the pose keypoints for
a positive sentiment class, as shown by the bright green dots,
with larger dots indicating areas where the model activates
more.

6.5.3 Unimodal Image Captioning Interestingly, image captioning
is the third best performing modality with an F1-score of 0.506 de-
spite producing relatively generic, albeit correct, captions such as
"a group of people sitting around a table". However, in the overall
ensemble, we observe that the image captioning model often con-
tributes the least to the overall prediction, as shown by Figure 6.

6.6 Modalities in Decision-Making

When performing a human reader study on the data, we note that
certain modes weighted more greatly than others for making a fi-
nal decision. To translate this cognitive aspect to computing, we
generated vector "saliency" maps on the fusion layer of our model.
The bar graphs demonstrated in Figure 6 plot the relative activa-
tion of each modality as a function of the input video. In this figure,
even though the noise and scene play a role, the mere presence of a
laugh in the video is the deciding factor for positive classification.

7 Discussion

Although the scene model is one of the strongest models, it still
only achieves a validation accuracy of 54.6% independently. For
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Audio ResNet Pose Image Caption Laughter

Figure 6: Relative activation for each modality as shown us-
ing the FC ensemble model on a positive-sentiment video.
The laughter in the above video is the main deciding fac-
tor for positive classification, superseding the presence of
raised hands or smiling.

the scene modality we use the ResNet-50 model as the base model
because our experiments show that this model has the lowest val-
idation loss. This contrasts with the baseline paper, which uses an
Inception-v3 model [5]. This may help explain why our model im-
proves upon the baseline paper; we found that using Inception-v3
led to a 15 percentage point drop in performance for the same ar-
chitecture. The Inception-v3 model activates strongly on multiple
areas of the input image and is unable to focus on the people and
important sentiment discriminators of a scene like the ResNet-50
model could.

The performance of the pose model is limited to the expressive-
ness of the poses themselves, which explains the relatively lower
independent F1 score of 0.489. Nevertheless, for many videos the
pose model seemed to focus on hands and elbows, an example of
which is shown in Figure 5. This is justified by the position of
the arms, which is an important indicator of emotions, with raised
arms and protruded arms traditionally indicating joy and fear, re-
spectively [34].

The audio modality is the strongest individual modality, achiev-
ing an independent F1 score of 0.577. Although the EmotiW dataset
is multilingual and scenes contain varying numbers of people, there
are universal aspects of language and audio that correlate with sen-
timent. While the OpenL3 model used for extracting embeddings
was pre-trained primarily on music files, it performed well. Both
music and human speech have prosody, or patterns of stress and
intonation, and these universal features allow for high sentiment
classification. Through transfer learning we translated the hidden
features extracted from millions of music training samples and fine
tuned them on the EmotiW dataset.



The low performance observed within the facial modality can be
attributed to the difficulty of interpreting low resolution, obscured,
and blurred faces, which are common in the EmotiW dataset. More-
over, micro facial variations and transition between emotions within
a video can lead to highly variable predictions. Additionally, peo-
ple often do not express their true emotions facially and feelings
are expressed differently across cultures.

All modalities had difficulty distinguishing neutral from posi-
tive and negative sentiment. Even during our internal reader-study,
the line between neutral and positive sentiment was blurred. Thus,
to bolster the ensemble, we introduced the laughter modality as an
additional feature. Despite only being a single-dimensional feature,
laughter proved to be an important sentiment discriminator. This
is unsurprising given that laughter is generally a clear indicator
of a positive atmosphere. In fact, our ablation study showed that
laughter is the third most important modality after audio and scene
(see Table 1). Although we already have an audio modality, these
results suggest that ensembled binary audio classifiers trained on
specific emotional sounds such as laughter or cries can be used to
improve specific shortcomings of a model, as shown in Figure 6.
This is an open area for further research.

Distinguishing between a neutral sentiment and a positive or
negative sentiment is often a matter of context and subjective hu-
man perception. Many of the videos are from news clips, which
naturally gravitate towards negative sentiment [35]. The novelty
of our model stems from our use of several non-traditional modal-
ities such as laughter and image captioning. The underlying em-
beddings of image captions extracted from frames provide a con-
densed representation of the video itself, analogous to the embed-
dings extracted using VAEs. However, unlike VAE embeddings, these
caption embeddings are easily interpretable. Although our model
was hindered by captions that were factually-correct but vague,
image captioning is a highly active research area with many re-
searchers specifically looking to inject image captioning with sen-
timent terms [36, 37]. While the aim of this research is to produce
more naturally sounding phrases, this opens a potential avenue of
transfer learning in the sentiment classification space.

Because of the subjective nature of the data, there is an element
of bias even within our produced models: when the image cap-
tions were analyzed by word count, the words "men" and "man"
appeared approximately four times more frequently within nega-
tive videos than positive videos. A simple two-tailed t-test high-
lighted that this difference is significant (p < 0.05). For these rea-
sons, it is not surprising that our fully-connected late fusion en-
semble of modalities achieves the best validation accuracy; sen-
timent understanding is best provided through a combination of
multiple modalities, just as a human might interpret a scene. This
way, some modalities may compensate for the shortcomings of oth-
ers. Our confusion matrices summarizes this point. Removing the
scene classifier led to a drop of nine percentage points in the re-
call rate of positive samples. Similarly, when FER is removed, we
observe a drop of eight percentage points in the recall rate of neg-
ative samples. Our fusion method is truly greater than each of its
parts.

8 Conclusion

Video sentiment classification is a complex problem under active

study, requiring investigation of various modalities and powerful

computation. In this paper, we use a unique combination of fea-
tures extracted from different modalities to perform image senti-
ment classification, including novel modalities such as image cap-
tioning and laughter detection. Our final late fusion ensemble model
of scene, pose, audio, laughter, and image captioning modalities

outperformed the baseline validation accuracy of 52.1% and the

baseline test accuracy of 47.9%, achieving an overall validation ac-
curacy of 64.0%, and an overall test accuracy of 63.9%.

9 Code

We have open sourced our work under the MIT license for the
benefit of academia. It can be accessed on GitHub:
https://github.com/kevincong95/cs231n-emotiw.

This repository includes Colab notebooks for interactive demos,
pre-trained model files, preprocessing, and training code.
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10.1 Preprocessing

We leveraged the Face Recognition library for facial extraction [28].
We worked extensively with the OpenL3 library [38] for audio em-
beddings. To extract poses from video frames, we used the Open-
Pose library [24].

10.2 Models

For development of our facial modality, we leveraged pre-trained
FER models from Khanzada et al. [12] and Arriaga et al. [39]. The
laughter model was adapted from Nat Stein [17]. The pre-trained
caption generator from Beaumont and Kranthi [40] was used for
fine tuning. Moreover, the sentence sentiment transformer was
adapted from Ruder et al. [33]. For our VAEs models, we adapted
methods from Kingma and Welling [41]. For saliency maps, we aug-
mented base code from the keras-vis package from Kotikalapudi et
al. [42] and the tf-keras-vis package from Keisen et al. [43] to work
with LSTMs.
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