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Human emotion perception is an integral component of intelligent systems currently being
designed for a wide range of socio-cultural applications, including behavior prediction, social
robotics, medical therapy and rehabilitation, surveillance, and animation of digital characters in
multimedia. Human observers perceive emotions from a number of cues or modalities, includ-
ing faces, speech, and body expressions. Studies in affective computing indicate that emotions
perceived from body expressions are extremely consistent across observers because humans
tend to have less conscious control over their body expressions. Our research focuses on this
aspect of emotion perception as we attempt to build predictive methods for automated emotion
recognition from body expressions, and build generative methods for synthesizing digital char-
acters with appropriate affective body expressions. This thesis elaborates on both components
of our research in two parts, and explores how they can be applied to current problems in video

understanding, specifically video highlight detection.



The first part discusses two approaches for designing and training partially supervised meth-
ods for emotion recognition from body expressions, specifically gaits. In one approach, we
leverage existing gait datasets annotated with emotions to generate large-scale synthetic gaits
corresponding to the emotion labels. In the other approach, we leverage large-scale unlabeled
gait datasets together with smaller annotated gait datasets to learn meaningful latent represen-
tations for emotion recognition. We design an autoencoder coupled with a classifier to learn
latent representations for simultaneously reconstructing all input gaits and classifying the la-

beled gaits into emotion classes.

The second part discusses generative methods to synthesize emotionally expressive bodily ex-
pressions, specifically gaits, gestures, and faces. The first method involves asynchronous gen-
eration, where we synthesize only one modality of the digital characters (in our case, gaits)
with affective expressions. Our approach is to design an autoregression network that takes
in a history of the characters’ pose sequences and the intended future emotions to generate
their future pose sequences with the desired affective expressions. The second method is the
more challenging synchronous generation, where the affective contents of two modalities, such
as body gestures and speech, need to be synchronized with each other. Our approach utilizes
machine translation to translate from speech to body gestures, and adversarial discrimination
to differentiate between original and synthesized gestures in terms of affective expressions, to
produce state-of-the-art affective body gestures synchronized with speech. The final method
takes synchronous generation a step further to three modalities, involving the synthesis of both
facial expressions and body gestures synchronized with speech. This method attempts to break

new ground in multimodal synthesis by simultaneously incorporating emotional expressions in



more than one modality, and does so using data from affordable, consumer-grade devices such

as RGB video cameras to enable democratized usage.

Lastly, we explore the application of these approaches to industrial problems in video under-
standing, specifically video highlight detection. Our approach leads to state-of-the-art perfor-
mance in detecting highlights in human-centric videos without requiring supervision in the
form of highlight annotations. Our approach can be further fine-tuned to detect user-specific
highlights at scale by automatically learning the video contents matching the users’ preferences

in their previously selected highlight clips.
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CHAPTER 1

Introduction and Overview

Human emotion or, more generally, affect understanding is an integral component of intelligent
systems currently being designed for a wide range of industrial, social and cultural applications,
including video understanding (Bhattacharya et al. 2021c; Bhattacharya et al. 2022) behavior
prediction (Allen, Machleit, and Kleine 1992; Denham et al. 2000), teaching and counseling in
the digital world (Baur et al. 2013; Li et al. 2016; Liao et al. 2019; Simeone et al. 2019), social
robotics (Bauer et al. 2009; Narayanan et al. 2020), medical therapy and rehabilitation (DeVault
et al. 2014; Rivas et al. 2015), and animation of digital characters in multimedia (Roth et al. 2016;
Heidicker, Langbehn, and Steinicke 2017; Latoschik et al. 2017). Existing research has exten-
sively explored automated affect understanding from a number of cues, including faces (Fan et

al. 2016; Hu et al. 2017; Yang, Ciftci, and Yin 2018; Zhang et al. 2018a), eye movements (Schur-



gin et al. 2014; Lu et al. 2015), speech (Rao, Koolagudi, and Vempada 2013; Jacob and Mythili
2015), written text (Santos, Nedjah, and Macedo Mourelle 2017), and even physiological sig-
nals such as heartbeats and respiration rates (Chanel et al. 2006; Zhao, Adib, and Katabi 2016).
At the same time, studies in affective computing indicate that body expressions, particularly
gestures and gaits, are integral sources of affect cues for humans (Montepare, Goldstein, and
Clausen 1987; Meeren, Heijnsbergen, and Gelder 2005b; Michalak et al. 2009; Kleinsmith and
Bianchi-Berthouze 2013), and are arguably more reliable than other cues as humans tend to have
less voluntary control over them (Quigley, Lindquist, and Barrett 2014). However, automated
techniques for affect understanding from these body expressions have been largely unexplored,
primarily due to the lack of both systematically collected large-scale data and robust predictive
and generative models for learning from that data. Our research focuses on this frontier as we
attempt to build predictive models for automated affect detection from body expressions, and
build generative models for synthesizing digital characters with appropriate affective body ex-

pressions to augment real-world data.

In essence, our research encompasses the two main kinds of machine learning tasks in the con-
text of affect understanding (Figure 1.1). The first kind involves designing and training meth-
ods for automated affect detection from body expressions, specifically gaits. The second kind
involves building generative methods to synthesize emotionally expressive or affective body
expressions, specifically gaits and gestures. We discuss each of these two kinds of affect un-
derstanding tasks and how we apply them to broader video understanding problems at the
industrial scale. As a use-case for our application to industrial scale video understanding, we

consider the problem of highlight detection.



1.1 Partially Supervised Methods for Affect Detection from Gaits

A gait is an ordered temporal sequence of joint transformations, predominantly rotations and
translations, during bipedal locomotion. In its simplest sense, a person’s gait is the way that
person walks. Gaits have been widely used in computer vision for many applications, including
action detection (Yan, Xiong, and Lin 2018; Shi et al. 2019a; Shi et al. 2019b; Liu et al. 2020)
and perceiving emotions (Randhavane et al. 2019a; Randhavane et al. 2019¢; Bhattacharya et al.
2020; Mittal et al. 2020b). Moreover, studies in psychology and affective computing indicate
that gaits are also useful for affect understanding. Participants of these studies were reported to
have observed affective features — physiological features such as arm swings, head jerks, stride
lengths, and upper body posture - to identify a variety of affects, including anger, happiness,
pride, and sadness. (Michalak et al. 2009; Kleinsmith and Bianchi-Berthouze 2013). However,
there are a few key challenges in designing automated methods for affect detection using gaits:

« Methods based on hand-crafted physiological features extracted from human gaits often
suffer from low prediction accuracy (Karg, Kuhnlenz, and Buss 2010; Venture et al. 2014;
Crenn et al. 2016; Wang, Enescu, and Sahli 2016; Daoudi et al. 2017).

« Trainable methods (Randhavane et al. 2019a; Bhattacharya et al. 2020) rely heavily on
sufficiently large sets of annotated data. Annotations are expensive and tedious to collect
due to the variations in scales and motion trajectories (Ahsan, Sun, and Essa 2018), as well
as the inherent subjectivity in perceiving affects (Bhattacharya et al. 2020).

+ Conditional generative methods are useful for data augmentation, but current methods
can only generate data for short time periods (Holden, Saito, and Komura 2016; Khoda-

bandeh et al. 2018; Yang et al. 2018a) or with relatively low diversity (Pavllo, Grangier,



and Auli 2018; Yan et al. 2019b; Bhattacharya et al. 2020).
On the other hand, acquiring poses from videos and motion-capture data is cheap and efficient,
leading to the availability of large-scale pose-based datasets (Ionescu et al. 2014; Shahroudy
et al. 2016; Carreira and Zisserman 2017; CMU-MOCAP 2018). Given the availability of these
unlabeled gait datasets and the sparsity of gaits labeled with perceived affects, there is a need

to develop partially supervised methods that can utilize these datasets for affect detection.

Per our research, we propose two approaches for affect detection from gaits. The first approach
consists of a conditional generative network whose trained outputs are augmented to an an-
notated gait dataset and utilized to train a supervised classifier (Bhattacharya et al. 2020). The
main contributions include:

« A Conditional Variational Autoencoder (CVAE), which is trained on a sparse real-
world annotated gait set and can generate annotated synthetic gaits. We add temporal
constraints, gait drift and gait collapse, as a novel push-pull regularization to the loss
function of the CVAE. This formulation helps to avoid over-fitting by generating more
plausible gaits.

+ An end-to-end Spatial-Temporal Graph Convolution-Based Network, which learns
from peoples’ gaits to predict perceived affects. This network combines deeply learned
features with affective features to learn hybrid features.

+ A new dataset of human gaits annotated with affect labels, called Emotion-Gait
(E-Gait). It currently consists of 4, 227 real-world gait videos annotated with four affect
labels, happy, sad, angry, and neutral.

The second approach couples the generative and the classification components of the first ap-



proach into a single network architecture that can leverage both labeled and unlabeled gait data
to learn rich latent representations for affect detection (Bhattacharya et al. 2020). Specifically,
it consists of:

+ A semi-supervised network, consisting of an autoencoder and a classifier, that we train
jointly to predict discrete perceived affects from 3D pose sequences of gaits of humans.

+ A hierarchical attention pooling module on the autoencoder to learn useful embed-
dings for unlabeled gaits, which improves the mean average precision (mAP) in classi-
fication by 1-17% on the absolute compared to state-of-the-art methods in both affect
detection and action detection from 3D gaits on the Emotion-Gait benchmark dataset.

« Subsumption of the affective features expressed from the input gaits in the space of
learned embeddings. This improves the mAP in classification by 7-23% on the absolute

compared to state-of-the-art methods.

1.2 Generative Methods for Synthesizing Affective Body Expressions

As the world increasingly uses digital and virtual platforms for everyday communication and
interactions, there is a heightened need to create highly realistic virtual agents endowed with
social and emotional intelligence. Virtual agents correspond to embodied digital characters
that are often used as avatars to represent users and may look like real-world characters. Re-
cent work in high-quality rendering and capturing technologies has resulted in the ability to
generate agents or avatars that closely resemble humans and are widely used in VR and AR
systems (Gonzalez-Franco et al. 2020; NEON: https://www.neon.life/ 2020). Many applications,
including online learning (Li et al. 2016; Liao et al. 2019; Simeone et al. 2019), virtual interview-

ing and counseling (Baur et al. 2013; DeVault et al. 2014), virtual social interactions (Roth et al.



2016; Heidicker, Langbehn, and Steinicke 2017; Latoschik et al. 2017), and large-scale virtual
worlds (Oculus 2019), need a computationally created virtual agent or an avatar that not only
looks like a real human but also behaves like one and conveys affects (Roth et al. 2016; Randha-
vane et al. 2019b). To this end, we have explored two sub-problems: asynchronous generation,
where we synthesize only one modality of the digital characters — in our case, body expres-
sions — with affective expressions, and synchronous generation, where we need to synchronize
two or more modalities with each other, such as body expressions and speech, in terms of their

affective expressions.

For asynchronous generation, we have explored the problem of generating affective gaits for
virtual agents (Bhattacharya et al. 2020). The main contributions include:

« An autoregression network that takes in 3D pose sequences of virtual agents’ gaits,
the desired future trajectory, and the desired affects. It outputs the virtual agents’ gaits
expressing the given affect while following the given trajectory.

+ A training method that combines the agents’ pose-based affective features with
their trajectory-based movement into a unified network to generate plausible, emotionally-
expressive gaits.

« A transition scheme for the virtual agents to smoothly transition between gaits express-
ing different affects.

+ A web-based user study to evaluate the benefits of the emotive gaits generated by the
proposed approach. The participants reported the affects they perceived from the gener-
ated gaits, and the Likert scale (LS) values of pose affective features that contributed to

their perception. The results of the user study indicate that



— there is strong statistical evidence to suggest that the participants’ perceived affects
are statistically similar to the corresponding intended affects of the virtual agents,
thereby showing that the generated gaits are emotive,

— the participants consistently reported different LS values of the pose-based affective
features for different affects, highlighting the benefits of using pose-based affective
features for synthesizing affective expressiveness.

For synchronous generation, we worked on synthesizing co-speech gestures with affective ex-
pressions (Bhattacharya et al. 2021b; Bhattacharya et al. 2021a), and synthesizing affective “uni-
fied expressions” of faces and body gestures, both synced with the speech. Co-speech gestures
are bodily expressions associated with a person’s speech (Yoon et al. 2019). They help underline
the subject matter and the context of the speech, particularly in the form of beat, deictic, iconic,
or metaphoric expressions (McNeill 1992). Beat gestures are rhythmic movements following
the speech, and deictic gestures point to an entity. Iconic gestures describe physical concepts,
e.g., spreading and contracting the arms to denote “large” and “small”, and metaphoric gestures
describe abstract concepts, e.g., putting a hand to the heart to denote “love”. Synthesizing co-
speech gestures is an important task in creating socially engaging characters and virtual agents.
These are useful in a variety of multimedia application such as online learning (Li et al. 2016;
Liao et al. 2019; Simeone et al. 2019), interviewing and counseling (Baur et al. 2013; DeVault
et al. 2014), robot assistants (Yoon et al. 2019), character designs and game development (Mas-
carenhas et al. 2018; Kucherenko et al. 2020), and story- and script-visualizations (Watson et al.

2019).

We explore two approaches for affective co-speech gesture synthesis. The first approach is an



end-to-end trainable generative network that produces affective body gestures aligned with
natural language text transcripts corresponding to the speech. We consider only the text tran-
scripts and not the raw speech waveforms as input in this approach. The speech waveforms
can be noisy and introduce errors in the machine translation process if the spoken words are
not correctly understood. On the other hand, text transcripts provide an error-free represen-
tation of the input and therefore facilitate experimenting with the translation capabilities of
a machine translation network. The method we explore is aimed at interactive applications
in which virtual agents are in either one-way (e.g., narration) or two-way (e.g., conversation)

communication with real users. The main contributions include:

Developing a transformer-based machine translation network that interactively
takes in text one sentence at a time and generates 3D pose sequences for virtual agents
corresponding to gestures aligned with that text.

+ Conditioning the generation process to follow the intended acting task of narration

or conversation and the virtual agents’ intended gender and handedness.

+ Leveraging the intended affect in the text to generate affective gestures.

+ Conducting a web-based user study to evaluate the quality of the generated gestures
compared to motion-captured sequences and the affective expressiveness of the generated

gestures.

While text transcripts are error-free representations of the input content, the speech wave-
forms contain the beats and the speech patterns, e.g., prosody and intonations, with which body
gestures tend to synchronize in terms of both rhythmic movements and affective expressions.

Therefore, in our second approach, we explore a method for synthesizing affective co-speech



gestures based on both the speech waveforms and the text transcripts as inputs. The main con-

tributions include:

+ Synthesizing co-speech affective gestures given a speaker’s speech and the corre-
sponding text transcript while maintaining the speakers’ individual styles of gesticulation
and following a short sequence of seed poses.

+ Designing an affective encoder for learning latent affective features by leveraging
the localized joint movements and the macroscopic body movements in the gestures. The
latent affective features are useful for both synthesizing the future poses from the seed
poses and adversarially guiding the synthesis based on affective expressions.

+ Designing an MFCC encoder for leveraging the affective cues from the speech. The
MFCC encoder takes in low-dimensional MFCCs containing information on the affective
cues from the speech, including prosody and intonations, and transforms them into latent

embeddings for affective gesture synthesis.

Lastly, we propose an approach to simultaneously synthesize co-speech, affective facial and
body expressions, which we term “unified expressions”. It involves learning the multimodal
distribution of the speech, the faces and the body gestures, to synthesize expressions that are
mutually coherent. The main contributions include:

+ Unified co-speech face and pose expression synthesis. To the best of our knowl-
edge, our method is the first to simultaneously synthesize affective face and upper-body
pose expressions given speech audio. We also show that our unified synthesis approach
provides measurable benefits over trivially combining the synthesized outputs of the in-

dividual modalities of faces and body gestures.



« Utilization of data from affordable commodity cameras. In contrast to facial ex-
pression synthesis using dense 3D face scans or gesture synthesis from expensive motion-
captured data, our approach only relies on face landmarks and pose joints obtainable from
commodity hardware such as video cameras. As a result, our scales affordably to large
datasets.

+ Plausible animations and proposed evaluation metric for facial expressions. Through
quantitative evaluations and a user study, we verify that our synthesized facial expressions
and body gestures have low reconstruction error and are satisfactory to human observers.

- An extended dataset. We extend the current TED Gesture Dataset (Yoon et al. 2019) to
include 3D face landmarks that we extract from the raw videos, denoise and correct such
that the faces appear front and center and are aligned with the poses. We call this the
TED Gesture+Face Dataset and release it as part of our work and the necessary source

code to reuse it.

1.3 Use Case: Highlight Detection Based on Human Body Expressions

The widespread availability of cameras and the popularity of video sharing platforms has led
to a proliferation of unedited videos collected today, requiring automated tools to condense
videos to their most interesting or highlightable moments. This is the problem of highlight
detection (Sun, Farhadi, and Seitz 2014). It facilitates and expedites video indexing, browsing,
previewing, sharing, and recommending at scale (Rochan et al. 2020). We explore two key
challenges in highlight detection:
+ Detecting highlights in human-centric videos. Human-centric videos focus on various
human activities, tasks, and emotions (Zeng 2020; Vicol et al. 2018). These videos con-

10



stitute a significant volume of online media (Cisco 2020) coming from multiple domains,
including amateur sports and performances, lectures, tutorials, video weblogs (vlogs), and
individual or group activities. However, current highlight detection approaches under-
stand videos in terms of their 2D image contents (Rochan, Ye, and Wang 2018; Xiong et
al. 2019), which do not explicitly leverage human activities and interactions. Moreover,
these approaches require supervised annotations of highlight clips to learn from, thus
being limited by the availability of such annotations.

+ Detecting user-specific highlights. The notion of highlightable moments in a video is ul-
timately subjective to the user viewing the video. Thus, to expand their practical utility,
highlight detection approaches need to scalably fine-tune to individual users’ highlight
preferences. However, current user-specific highlight detection approaches rely on the
expensive computation of shot boundaries to divide videos into highlightable and non-
highlightable segments (Molino and Gygli 2018) or uniformly pool the users’ selected
highlights to compute their highlight preferences, i.e., assuming all their selected high-
lights are equally relevant (Rochan et al. 2020). In practice, however, the relevance of the
users’ preferences may vary significantly based on the contents of both the clips from
which they selected their preferences, and the videos in which their individualized high-
lights need to be predicted.

We propose two approaches to address each of these challenges, both centered around
the idea of detecting and learning from the human face and body expressions from the videos.
The first approach (Bhattacharya et al. 2021c) is an end-to-end multimodal learning network to
predict per-frame highlight scores for input videos, with the following novel contributions:

« Highlight detection with human-centric modalities. We detect and track human-

11



centric modalities, such as poses and faces, in the input videos and encode their interac-
tions both across time and across different persons.

« Annotation-free training of highlight scores. We do not require highlight annota-
tions, exemplars, user-preferences, or even domain-specific knowledge. Instead, we only
leverage the detected human-centric modalities to learn the per-frame highlight scores.

+ Dataset-agnostic performance. We train our network on generic human-centric videos,
and are able to achieve state-of-the-art performance in highlight detection over a diverse
range of domains and user preferences, evaluated over multiple benchmark datasets.
The second approach proposes an attention mechanism to leverage both the objects and

the pose-based human activities in the users’ preferred highlight clips to detect user-specific
highlights in different target videos. Our main contributions include:

+ User-specific highlight detection. We learn the relative relevance between the users’
preferred highlight clips and the target videos to detect the user-specific highlights in the
target videos.

« Multi-head attention mechanism. We design a multi-head attention mechanism that
learns content-based features per user from the users’ preferred highlight clips. We also
learn content-based features from the target videos and query those against the per-user
features to detect the user-specific highlights.

+ Reliable performance improvements. We perform extensive experiments on the bench-
mark personal highlight detection dataset (PHD?) (Molino and Gygli 2018), which con-
tains more than 6,000 testing videos, to show that our method improves the state-of-the-
art performance of both highlight detection and the related problem of video summariza-

tion.
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CHAPTER 2

Affect Detection From Gaits With Synthesized Data
Augmentation

Project Website: https://gamma.umd.edu/step

Abstract

We present a novel classifier network called STEP, to classify perceived human emotion from
gaits, based on a Spatial Temporal Graph Convolutional Network (ST-GCN) architecture. Given
an RGB video of an individual walking, our formulation implicitly exploits the gait features
to classify the perceived emotion of the human into one of four emotions: happy, sad, angry,
or neutral. We train STEP on annotated real-world gait videos, augmented with annotated
synthetic gaits generated using a novel generative network called STEP-Gen, built on an ST-
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GCN based Conditional Variational Autoencoder (CVAE). We incorporate a novel push-pull
regularization loss in the CVAE formulation of STEP-Gen to generate realistic gaits and improve
the classification accuracy of STEP. We also release a novel dataset (E-Gait), which consists of
4,227 human gaits annotated with perceived emotions along with thousands of synthetic gaits.
In practice, STEP can learn the affective features and exhibits classification accuracy of 88% on

E-Gait, which is 14-30% more accurate over prior methods.

2.1 Introduction

Human affect understanding using intelligent systems is an important socio-behavioral task that
arises in various applications, including behavior prediction (Denham et al. 2000), robotics (Bauer
et al. 2009), affective computing (Yates et al. 2017; Atcheson, Sethu, and Epps 2017), etc. Cur-
rent research in perceiving human emotion predominantly uses facial cues (Hu et al. 2017),
speech (Jacob and Mythili 2015), or physiological signals such as heartbeats and respiration
rates (Zhao, Adib, and Katabi 2016). These techniques have been used to identify and classify
broad emotions including happiness, sadness, anger, disgust, fear and other combinations (Ek-
man and Friesen 1967a).

Understanding the perceived emotions of individuals using non-verbal cues, such as face
expressions or body movement, is regarded as an important and challenging problem in both Al
and psychology, especially when self-reported emotions are unreliable or misleading (Quigley,
Lindquist, and Barrett 2014). Most prior work has focused on facial expressions, due to the
availability of large datasets (Fabian Benitez-Quiroz, Srinivasan, and Martinez 2016). However,
facial emotions can be unreliable in contexts such as referential expressions (Ekman 1993) or
the presence or absence of an audience (Fernandez-Dols and Ruiz-Belda 1995). Thus, we need
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Figure 2.1: STEP and STEP-Gen: Overview. We present a novel classifier network (STEP)
to predict perceived emotions from gaits extracted from walking videos. We also present a

generator network (STEP-Gen) to generate annotated synthetic gaits to improve the accuracy
of STEP.

techniques that can utilize other non-verbal cues.

In this chapter, we focus on using movement features corresponding to gaits in a walk-
ing video for affect detection. A gait as an ordered temporal sequence of body joint transfor-
mations (predominantly translations and rotations) during the course of a single walk cycle.
Simply stated, a person’s gait is the way the person walks. Prior works in psychology literature
have reported that participants were able to identify sadness, anger, happiness, and pride by ob-
serving affective features corresponding to arm swinging, long strides, erect posture, collapsed
upper body, etc. (Michalak et al. 2009; Kleinsmith and Bianchi-Berthouze 2013).

There is considerable recent work on pose or gait extraction from a walking video using
deep convolutional network architectures and intricately designed loss functions (Girdhar et al.
2018; Dabral et al. 2018). Gaits have also been used for a variety of applications including action
detection (Gu et al. 2010; Yan, Xiong, and Lin 2018) and person identification (Zhang and Troje

2005). However, the use of gaits for automatic affect detection has been fairly limited, primarily
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due to a lack of gait data or videos annotated with emotions (Chiu, Shu, and Hui 2018). It is
difficult and challenging to generate a large dataset with many thousands of annotated real-
world gait videos to train a network.

Main Contributions: We present a learning-based approach to classify perceived emotions of
an individual walking in a video. Our formulation consists of a novel classifier and a generative
network as well as an annotated gait video dataset. The main contributions include:

1. A novel end-to-end Spatial Temporal Graph Convolution-Based Network (STEP), which
implicitly extracts a person’s gait from a walking video to predict their emotion. STEP
combines deeply learned features with affective features to learn hybrid features.

2. A Conditional Variational Autoencoder (CVAE) called STEP-Gen, which is trained on a
sparse real-world annotated gait set and can easily generate thousands of annotated syn-
thetic gaits. We enforce the temporal constraints (e.g., gait drift and gait collapse) inherent
in gaits directly into the loss function of the CVAE, along with a novel push-pull regular-
ization loss term. Our formulation helps to avoid over-fitting by generating more realistic
gaits. These synthetic gaits improve the accuracy of STEP by 6% in our benchmarks.

3. We present a new dataset of human gaits annotated with emotion labels, called Emotion-
Gait (E-Gait). It currently consists of 4,227 real-world gait videos annotated with the
emotion labels happy, sad, angry, and neutral.

We have evaluated the performance of STEP on E-Gait. The gaits in this dataset were
extracted from videos of humans walking in both indoor and outdoor settings. In practice, STEP
results in classification accuracy of 88% on E-Gait. We have compared it with prior methods and
observe:

« An accuracy increase of 14% over prior learning-based method (Randhavane et al. 2019a).
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This method uses LSTMs for modeling their input, but for an action detection task.
« Accuracy improvement of 21 — 30% on the absolute over prior gait-based affect detection

methods reported in the psychology literature that use affective features.

2.2 Related Work

We provide a brief overview of prior work in affect detection and generative models for gait-like
datasets.
Affect Detection. Face and speech data have been widely used to perceive human emotions.
Prior methods that use faces as input commonly track action units on the face such as points
on the eyebrow, cheeks and lips (Fabian Benitez-Quiroz, Srinivasan, and Martinez 2016), or
track eye movements (Lu et al. 2015) and facial expressions (Majumder, Behera, and Subra-
manian 2014). Speech-based affect detection methods use either spectral features or prosodic
features like loudness of voice, difference in tones and changes in pitch (Jacob and Mythili 2015).
With the rising popularity of deep learning, there is considerable work on developing learned
features for emotion detection from large-scale databases of faces (Yang, Ciftci, and Yin 2018;
Zhang et al. 2018a) and speech signals (Deng et al. 2018). Recent methods have also looked at
the cross-modality of combined face and speech data to perform affect detection (Albanie et al.
2018). In addition to faces and speech, physiological signals such as heartbeats and respiration
rates (Zhao, Adib, and Katabi 2016) have also been used to increase the accuracy of affect de-
tection. Our approach for affect detection from walking videos and gaits is complimentary to
these methods and can be combined.

Different methods have also been proposed to perceive emotions from gaits. Karg, Kuhn-
lenz, and Buss 2010 use PCA-based classifiers, and Crenn et al. 2016 use SVMs on affective fea-
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tures. Venture et al. 2014 use autocorrelation matrices between joint angles to perform similarity-
based classification. Daoudi et al. 2017 represent joint movements as symmetric positive definite
matrices and perform nearest neighbor classification.

Gaits have also been widely used in the related problem of action detection (Ji et al. 2013;
Feichtenhofer, Pinz, and Wildes 2016; Feichtenhofer, Pinz, and Zisserman 2016; Lea et al. 2017;
Yan, Xiong, and Lin 2018). In our approach, we take motivation from prior works on both affect
and action detection from gaits.

Gait Generation. Collecting and compiling a large dataset of annotated gait videos is indeed
a challenging task. As a result, it is important to develop generative algorithms for gaits con-
ditioned on emotion labels. Current learning-based generation models are primarily based on
Generative Adverserial Networks (GANSs) or Variational Autoencoders (VAEs). MoCoGAN (Tulyakov
et al. 2018) uses a GAN-based model, the latent space of which is divided into motion space (for
generating temporal features) and content space (for generating spatial features). It can gener-
ate tiny videos of facial expressions corresponding to various emotions. vid2vid (Wang et al.
2018) is a state-of-the-art GAN-based network that uses a combined spatial temporal adversarial
objective to generate high-resolution videos, including videos of human poses and gaits when
trained on relevant real data. Other generative methods for gaits learn the initial poses and
the intermediate transformations between frames in separate networks, and then combine the
generated samples from both networks to develop realistic gaits (Yang et al. 2018b; Cai et al.
2018a). In this work, we model gaits as skeletal graphs and use spatial-temporal graph convo-

lutions (Yan, Xiong, and Lin 2018) inside a VAE to generate synthetic gaits.
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2.3 Background

In this section, we give a brief overview of Spatial Temporal Graph Convolutional Networks

(ST-GCNs) and Conditional Variational Autoencoders (CVAE).

2.3.1 GCN and ST-GCN

The Graph Convolutional Network (GCN) was first introduced in (Bruna et al. 2013) to apply
convolutional filters to arbitrarily structured graph data. Consider a graph G={V, £} with N
= |V| nodes. Also consider a feature matrix X € RN*F, where row x; € RY corresponds to a

feature for vertex i. The propagation rule of a GCN is given as

7D 2 Az DO w)y, (2.1)

where Z() and Z(*1 are the inputs to the I-th and the (I + 1)-th layers of the network,
respectively. Z(0=X, W( is the weight matrix between the I-th and the (I+ 1)-th layers, A is the
N x N adjacency matrix associated with the graph G and o(-) is a non-linear activation function
(e.g., ReLU). Thus, a GCN takes in a feature matrix X as an input and generates another feature
matrix Z(F) as the output, L being the number of layers in the network. In practice, each weight
matrix W in a GCN represents a convolutional kernel. Multiple such kernels can be applied
to the input of a particular layer to get a feature tensor as output, similar to a conventional
Convolutional Neural Network (CNN). For example, if K kernels, each of dimension F X D are
applied to the input X, then the output of the first layer will be an N x D x K feature tensor.

Yan, Xiong, and Lin 2018 extended GCNs to develop the spatial temporal GCN (ST-GCN),
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which can be used for action detection from human skeletal graphs. The graph in their case is
the skeletal model of a human extracted from videos. Since they extract poses from each frame
of a video, their input is a temporal sequence of such skeletal models. “Spatial” refers to the
spatial edges in the skeletal model, which are the limbs connecting the body joints. “Temporal”
refers to temporal edges which connect the positions of each joint across different time steps.
Such a representation enables the gait video to be expressed as a single graph with a fixed
adjacency matrix, and thus can be passed through a GCN network. The feature per vertex in
their case is the 3D position of the joint represented by that vertex. In our work, we use the

same representation for gaits, described later in Section 2.4.1.

2.3.2 Conditional Variational Autoencoder

The variational autoencoder (Kingma and Welling 2019) is an encoder-decoder architecture that
is used for data generation based on Bayesian inference. The encoder transforms the training
data into a latent lower-dimensional distribution space. The decoder draws random samples
from that distribution and generates synthetic data that are as similar to the training data as
possible.

In conditional VAE (Sohn, Lee, and Yan 2015), instead of generating from a single distri-
bution space learned by the encoder, it learns separate distributions for the separate classes in
the training data. Thus, given a class, the decoder produces random samples from the condi-
tional distribution of that class, and generates synthetic data of that class from those samples.

Furthermore, if we assume that the decoder generates Gaussian variables for every class, then
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Figure 2.2: STEP-Gen: Spatial Temporal Graph Convolutional Network Architecture.
The encoder consists of ST-GCN, Average Pool and Conv2D layers. The decoder consists of
DeConv2D, Repeat and ST-GDCN layers. RSG (Random Sample Generator) is used to generate
random samples from the latent space. + denotes appending; T: number of time steps (75 in our
dataset); V: number of nodes (16 in our dataset); C: dimension of each node (3 in our dataset).
Input: Human gaits processed from walking videos and corresponding emotion label. Spheres
are nodes, thick red lines are spatial edges and thin gray lines are temporal edges. Output:
Human gaits corresponding to the input label, with same T, V, and C.

the negative log likelihood for each class is given by the MSE loss

Lo=|x-f 2 (2:2)

where fy (-) denotes the decoder function for class ¢, x represents the training data, and z the
latent random variable. We incorporate a novel push-pull regularization loss on top of this

standard CVAE loss, as described in Section 2.5.3.

2.4 STEP and STEP-Gen

Our objective is to perform affect detection from gaits. Based on prior work (Kleinsmith and
Bianchi-Berthouze 2013; Karg, Kuhnlenz, and Buss 2010; Crenn et al. 2016), we assume that
emotional cues are largely determined by localized variances in gaits, such as swinging speed
of the arm (movement of 3 adjacent joints: shoulder, elbow and hand), stride length and speed

(movement of 3 adjacent joints: hip, knee and foot), relative position of the spine joint w.r.t.
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the adjacent root and neck joints and so on. Convolutional kernels are known to capture such
local variances and encode them into meaningful feature representations for learning-based
algorithms (Krizhevsky, Sutskever, and Hinton 2012). Additionally, since we treat gaits as a
periodic motion that consists of a sequence of localized joint movements in 3D, we therefore use
GCNss for our generation and classification networks to capture these local variances efficiently.
In particular, we use Spatial Temporal GCNs (ST-GCNs) developed by Yan, Xiong, and Lin (2018)
to build both our generation and classification networks. We now elaborate our entire approach

in detail.

2.4.1 Extracting Gaits from Videos

Naturally collected human gait videos contain a wide variety of extraneous information such as
attire, items carried (e.g., bags or cases), background clutter, etc. We use a state-of-the art pose
estimation method (Girdhar et al. 2018) to extract clean, 3D skeletal representations of the gaits
from videos. Moreover, gaits in our dataset are collected from varying viewpoints and scales. To
ensure that the generative network does not end up generating an extrinsic mean of the input
gaits, we perform view normalization. Specifically, we transform all gaits to a common point
of view in the world coordinates using the Umeyama method (Umeyama 1991). Thus, a gait in
our case is a temporal sequence of view normalized skeletal graphs extracted per frame from a
video. We now provide a formal definition for gait.
A gait is represented as a graph G = (V, ), where V denotes the set of vertices and &
denotes the set of edges, such that
- v eV, i€ {1,...V} represents the 3D position of the i-th joint in the skeleton at time

step t and V is the total number of joints in the skeleton.
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. .Af C V is the set of all nodes that are adjacent to vit as per the skeletal graph at time step

t,

e vio= {vi} e {1,...,7} denotes the set of positions of of the i-th joint across all time steps

1...T,

- (v e & Vv e Afuw Ve {1, THLVie{L,....V}.

A key pre-requisite for using GCNs is to define the adjacency between the nodes in the
graph (Bruna et al. 2013; Kipf and Welling 2016; Yan, Xiong, and Lin 2018). Note that as per
our definition of gait, given fixed T and V, any pair of gaits Gx and G, can have different sets
of vertices, Vx and Vy respectively, but necessarily have the same edge set £ and hence the
same adjacency matrix A. This useful property of the definition allows us to maintain a unique
notion of adjacency for all the gaits in a dataset, and thus develop ST-GCN-based networks for

the dataset.

2.4.2 STEP-Gen: The Generation Network

We show our generative network in Figure 2.2. Our network architecture is based on the Con-
ditional Variational Autoencoder (CVAE) (Sohn, Lee, and Yan 2015).

In the encoder, each C x T x V dimensional input gait, pre-processed from a video (as per
Section 2.4.1), is appended with the corresponding label, and passed through a set of 3 ST-GCN
layers (yellow boxes). C=3 is the feature dimension of each node in the gait, representing the
3D position of the corresponding joint. The first ST-GCN layer has 64 kernels and the next two
have 32 kernels each. The output from the last ST-GCN layer is average pooled along both the
temporal and joint dimensions (blue box). Thus, the output of the pooling layerisa 32 x 1 x 1

tensor. This tensor is passed through two 1 x 1 convolutional layers in parallel (red boxes). The
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outputs of the two convolutional layers are 32 dimensional vectors, which are the mean and
the log-variance of the latent space respectively (purple boxes). All ST-GCN layers are followed
by the ReLU nonlinearity, and all the layers are followed by a BatchNorm layer (not shown
separately in Figure 2.2).

In the decoder, we generate random samples from the 32 dimensional latent space and ap-
pend them with the same label provided with the input. As commonly performed in VAEs, we
use the reparametrization trick (Kingma and Welling 2019) to make the overall network differ-
entiable. The random sample is passed through a 1 x 1 deconvolutional layer (red box), and the
output feature is repeated (“un-pooled”) along both the temporal and the joint dimension (green
box) to produce a 32 X T x V dimensional tensor. This tensor is then passed through 3 spatial
temporal graph deconvolutional layers (ST-GDCNs) (yellow boxes). The first ST-GDCN layer
has 32 kernels, the second one has 64 channels, and the last one has C=3 channels. Hence, we
finally geta C x T x V dimensional tensor at the output, which is a synthetic gait for the pro-
vided label. As in the encoder part, all ST-GDCN layers are followed by a ReLU nonlinearity,
and all layers are followed by a BatchNorm layer (not shown separately in Figure 2.2).

Once the network is trained, we can generate new synthetic gaits by drawing random
samples from the 32 dimensional latent distribution space parametrized by the learned  and >..

The original CVAE loss L, is given by:

T
t )2
Lo=) |lvg-v§|". (2.3)
t=1
where vi = [v{ o VH T, where each vit is assumed to be a row vector consisting of the 3D

position of the joint i at frame t. The subscripts R and S stand for real and synthetic data respec-
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tively.

Each gait corresponds to a temporal sequence. Therefore, for any gait representation, it
is essential to incorporate such temporal information. This is even more important as temporal
changes in a gait provide significant cues for affect detection (Kleinsmith and Bianchi-Berthouze
2013; Karg, Kuhnlenz, and Buss 2010; Crenn et al. 2016). But, the baseline-CVAE architecture
does not take into account the temporal nature of the gaits. We therefore modify the original re-
construction loss of the CVAE by adding regularization terms that enforce the desired temporal
constraints (Equation 2.8).

We propose a novel “push-pull” regularization scheme. We first make sure that suffi-
cient movement occurs in a generated gait across the frames so that the joint configurations
at different time frames do not collapse into a single configuration. This is the “push” scheme.
Simultaneously, we make sure that the generated gaits do not drift too far from the real gaits
over time due to excessive movement. This is the “pull” scheme.

« Push: We require the synthetic data to resemble the joint velocities and accelerations
of the real data as closely as possible. The velocity vell-t of a node i at a frame t can be
approximated as the difference between the positions of the node at frames t and t - 1,
ie.,

velit = vit - vit_l (2.4)

Similarly, acceleration acc! of a node i at a frame  can be approximated as the difference

between the velocities of the node at frame t and ¢ - 1, i.e.,

f = velf - velf_1 = v -2yl 4 yi2 (2.5)

acc i i i
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We use the following loss for gait collapse:

T T
£c=ZHvelﬁ—velgHz+ZHaccltz—accgnz (2.6)
t=2 t=3

where vel' = [vel! ... vel{,] T and acc! = lacch ... acc{,] T

+ Pull: When the synthetic gait nodes are enforced to have non-zero velocity and acceler-
ation between the frames, the difference between the synthetic node positions and the
corresponding real node positions tends to increase as the number of frames increases.
This is commonly known as the drift error. In order to constrain this error, we use the
notion of anchor frames. At the anchor frames, we impose additional penalty on the loss
between the real and synthetic gaits. In order to be effective, we need to ensure that
there are a high number of anchor frames and they are as far apart as possible. Based on
this trade off, we choose 3 anchor frames in the temporal sequence — the first frame, the

middle frame and the last frame of the gait. We use the following loss function for gait

drift:

T
La=D0 D Ivk=vk - (5= )" (27)

t=1 we)

where () denotes the set of anchor frames.

Finally, our modified reconstruction loss £, of the CVAE is given by
;Cr = Eo + )\cﬁc + )\dﬁd (28)

where A\c and \; are the regularization weights. Note that this modified loss function still sat-

isfies the ELBO bound (Kingma and Welling 2019), if we assume that the decoder generates
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Figure 2.3: STEP: Spatial Temporal Graph Convolutional Network Architecture. It con-
sists of ST-GCN, Average Pool, Conv2D and fully connected (FC) layers. + denotes appending.
T: number of time steps (75 in our dataset); V: number of nodes (16 in our dataset); C: dimension
of each node (3 in our dataset). Input: Human gaits processed from walking videos. Spheres are
nodes, thick red lines are spatial edges and thin gray lines are temporal edges. Output: Predicted
label after Softmax. The first Softmax from the left gives the output of Baseline-SETP, and the
second Softmax gives the output of STEP.

variables from a mixture of Gaussian distributions for every class, with the original loss, the

push loss ad the pull loss representing the 3 Gaussian distributions in the mixture.

2.4.3 STEP: The Classification Network

We show out classifier network in Figure 2.3. In the base network, each input gait is passed
through a set of 3 ST-GCN layers (yellow boxes). The first ST-GCN layer has 32 kernels and the
next two have 64 kernels each. The output from the last ST-GCN layer is average pooled (blue
box) in both the temporal and joint dimensions and passed through a 1 X 1 convolutional
layer (red box). The output of the convolutional layer is passed through a fully connected layer
of dimension 4 (corresponding to the 4 emotion labels that we have), followed by a softmax
operation to generate the class labels. All the ST-GCN layers are followed by the ReLU nonlin-
earity and all layers except the fully connected layer are followed by a BatchNorm layer (not

shown separately in Figure 2.3). We refer to this version of the network as the Baseline-STEP.

28



Prior work in gait analysis has shown that affective features for gaits provide important
information for affect detection (Kleinsmith and Bianchi-Berthouze 2013; Karg, Kuhnlenz, and
Buss 2010; Crenn et al. 2016). Affective features are comprised of two types of features:

« Posture features. These include angle and distance between the joints, area of different
parts of the body (e.g., area of the triangle formed by the neck, the right hand and the left
hand), and the bounding volume of the body.

« Movement features. These include the velocity and acceleration of individual joints in the
gait.

We exploit the affective feature formulation (Kleinsmith and Bianchi-Berthouze 2013; Crenn
et al. 2016) in our final network. We append the 29 dimensional affective feature (purple box)
to the final layer feature vector learned by our Baseline-STEP network, thus generating hybrid
feature vectors. These hybrid feature vectors are passed through two fully connected layers of
dimensions 128 and 4 respectively, followed by a softmax operation to generate the final class

labels. We call this combined network STEP.

2.5 Experiments and Results

We list all the parameters and hardware used in training both our generation and classification
networks in Section 2.5.1. In Section 2.5.2, we give details of our new dataset. In Sections 2.5.3,
we list the standard metrics used to compare generative models and classification networks and
in Section 2.5.4, we list the state-of-the-art methods against which we compare our algorithms.
In Section 2.5.5, we present the evaluation results. Finally, in Section 2.5.6, we analyse the
robustness of our system and show that both STEP and STEP-Gen do not overfit on the E-Gait
Dataset.
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2.5.1 Training Parameters

For training STEP-Gen, we use a batch size of 8 and train for 150 epochs. We use the Adam
optimizer (Kingma and Ba 2014) with an initial learning rate of 0.1, which decreases to %-th
of its current value after 75, 113 and 132 epochs. We also use a momentum of 0.9 and and
weight-decay of 5 x 1074,

For training STEP, we use a split of 7 : 2 : 1 for training, validation and testing sets. We
use a batch size of 8 and train for 500 epochs using the Adam optimizer (Kingma and Ba 2014)
with an initial learning rate of 0.1. The learning rate decreases to %-th of its current value after
250, 375 and 438 epochs. We also use a momentum of 0.9 and and weight-decay of 5 x 1074, All

our results were generated on an NVIDIA GeForce GTX 1080 Ti GPU.

2.5.2 Dataset: Emotion-Gait

Emotion-Gait (E-Gait) consists of 4, 227 real gaits and 1, 000 synthetic gaits each of the 4 emotion
classes generated by STEP-Gen, for a total for 5,227 gaits. We obtained the videos for the real
gaits from various sources, including BML (Ma, Paterson, and Pollick 2006), Human3.6M (Ionescu
et al. 2014), ICT (Narang et al. 2017), CMU-MOCAP (CMU-MOCAP 2018) and ELMD (Habibie
et al. 2017), and converted all the input gaits to 21-joint skeletons following the procedure of
Habibie et al. (2017) Each gait in the consolidated dataset was annotated by the same 10 annota-
tors. The annotators were between 20 and 28 years old, with a median age of 23 years. 4 of the
annotators were female and 6 were male. There was also an even mix of annotators belonging
to the same culture as the subjects in the dataset as well as annotators from other, different

cultures.
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Based on the annotations, we found that the agreement score due to chance was 0.29,
and the corresponding Fleiss’ Kappa (FK) score (Fleiss 1971) was 0.45. Moreover, the FK score
between only the sad and the neutral labels was —0.01 (< 0) and that between only the happy
and the neutral labels was —0.03 (< 0), indicating a lack of disagreement between these two
pairs of labels. This is expected, as these pairs of labels contain many marginal cases where
the subjectivity of affect detection is the most prominent. In our case, we picked the class with
the maximum number of votes as the emotion label for the corresponding gait. If, however,
the total number of votes in the top k classes were within 20% of each other, then we add the
corresponding gait as an instance of all the top k classes. For example, if a gait was annotated
as happy by 40% of the annotators and neutral by 60% of the annotators, we marked that gait

as an instance of both happy and neutral.

2.5.3 Evaluation Metrics

Generation: For generative models, we compute the Fréchet Inception Distance (FID) score (Heusel
et al. 2017) that measures how close the generated samples are to the real inputs while main-
taining diversity among the generated samples. The FID score is computed using the following
formula:

FID = Hﬂx‘ﬂg”§+ Tr(2x+2g+2(2x2g)%) (2.9)

2.5.3.1 Classification

For classifier models, we report the classification accuracy given by Accuracy = (TP + TN)/TD,

where TP, TN, TD are the number of true positives, true negatives, and total data, respectively.
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2.5.4 Evaluation Methods

Generation: We compare our generative network with both GAN- and VAE-based generative

networks, as listed below.

« vid2vid (GAN-based) (Wang et al. 2018): This is the state-of-the-art video generation
method. It can take human motion videos as input and generate high-resolution videos
of the same motion.

« Baseline CVAE (VAE-based): We use a CVAE with the same network architecture as STEP-

Gen, but with only the original CVAE loss given in Equation 2.3.

2.5.4.1 Classification

We compare our classifier network with both prior methods for affect detection from gaits, and
prior methods for action detection from gaits, as listed below.

« Affect Detection. We compare with the current state-of-the-art classifiers of (Karg,
Kuhnlenz, and Buss 2010; Venture et al. 2014; Crenn et al. 2016; Wang, Enescu, and Sahli
2016; Daoudi et al. 2017).

+ Action Detection. We compare with the state-of-the-art methods using both GCNs (Yan,
Xiong, and Lin 2018) and LSTMs (Randhavane et al. 2019a). The networks of both these
methods were trained on our dataset before comparing the performance.

We also perform the following ablation experiments with our classifier network:

+ Baseline-STEP. It predicts emotions based only on the network-learned features from

gaits. This network is trained on the 4, 227 real gaits in E-Gait.

+ STEP. This is our hybrid network combining affective features (Kleinsmith and Bianchi-

32



Figure 2.4: Effect of STEP-
Gen Data Augmentation.
Effect of augmenting syn-
thetically generated data to
the train and test sets of
STEP+Aug. For every per-
cent improvement in accu-
racy, an exponentially larger
amount of data needs to be
augmented.
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Figure 2.5: STEP-Gen:
Training Loss Conver-
gence on the E-Gait
Dataset. Our “Push-Pull”
regularization loss (Equa-
tion 2.8) as a function of
training epochs, as pro-
duced by the baseline-CVAE
and our STEP-Gen. The
baseline-CVAE fails to con-
verge even after 150 epochs,
while STEP-Gen converges
in around 28 epochs.
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Figure 2.6: STEP+Aug:
Confusion Matrix for the
E-Gait dataset. Per class
classification results over
the 4, 227 gaits. We obtain a
balanced accuracy score of
77.98%.

Berthouze 2013; Crenn et al. 2016) with the network-learned features of Baseline-STEP.

This network is also trained on the 4, 227 real gaits in E-Gait.

« STEP+Aug. This is same as STEP, but trained on both the real and the synthetic gaits in

E-Gait.

2.5.5 Results on E-Gait

Generation: All the generative networks are trained on the 4,227 real data in E-Gait. We
report an FID score of 11.11, while the FID score of Baseline-CVAE is 11.33. Lower FID indicates
higher fidelity to the real data. However, we also note that vid2vid (Wang et al. 2018) completely
memorizes the dataset and thus gives an FID score of 0. This is undesirable for our task since
we require the generative network to be able to produce diverse data that can be augmented to
the training set of the classifier network.

Additionally, to show that our novel “Push-Pull” regularization loss function (Equation 2.8)
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Table 2.1: STEP: Classification Accuracy Comparison. Accuracy values are computed using
the formula in Section 2.5.3 and shown as percentages. We choose methods from both psychol-
ogy and computer vision literature. Base-STEP and STEP+Aug are variations of STEP.

Method Accuracy
Venture et al. (2014) 30.83
Karg, Kuhnlenz, and Buss (2010) 39.58
Daoudi et al. (2017) 42.52
Wang, Enescu, and Sahli (2016) 53.73
Crenn et al. (2016) 66.22
ST-GCN (Yan, Xiong, and Lin 2018) 65.62
LSTM (Randhavane et al. 2019a) 74.10
Base-STEP 78.24
STEP 82.15
STEP + Aug 88.22

generates gaits with joint movements, we measure the decay of the value of the loss function
for the baseline-CVAE and STEP-Gen with time (Figure 2.5). We add the £, and £ ; terms from
equation 2.8 (without optimizing them) to the baseline-CVAE loss function (Equation 2.3). We
observe that STEP-Gen converges extremely quickly to a smaller loss value in around 28 epochs.
On the other hand, the base-line CVAE produces oscillations and fails to converge as it does not
optimize L. and L.

We also perform qualitative tests of gait generated by all the methods. vid2vid (Wang
et al. 2018) uses GANs to produce high-quality videos. However, in our experiments, vid2vid
memorizes the dataset and does not produce diverse samples. Baseline-CVAE produces static
gaits that do not move in time. Finally, our gaits are both diverse (different from input) and
realistic (successfully mimics walking motion). We show all these results in our project page.
Classification: In Table 2.1, we report the mean classification accuracies of all the methods
using the formula in Section 2.5.3. We observe that most of the prior methods for affect detec-

tion from gaits have less than 60% accuracy on E-Gait. Only Crenn et al. 2016, who manually
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compute the same features we use in our novel “push-pull” regularization loss function (enforce
i.e. distances between joints across time) has greater than 65% accuracy. The two prior action
detection from gait methods we compare with have 65% and 75% accuracy respectively. By com-
parison, our Baseline-STEP has an accuracy of 78%. Combining network-learned and affective
features in STEP gives an accuracy of 83%. Finally, augmenting synthetic gaits generated by
STEP-Gen in STEP+Aug gives an accuracy of 88%.

To verify that our classification accuracy is statistically significant and not due to random

chance, we perform two statistical tests:

« Hypotheses Testing: Classification as a task, depends largely on the test sample to be clas-
sified. To ensure that the classification accuracy of STEP is not achieved due to random
positive examples, we determine the statistical likelihood of our results. Note that we do
not test on STEP+Aug as accuracy of STEP+Aug is also dependent on the augmentation
size. We generate a population of size 10,000 accuracy values of STEP with mean 83.15
and standard deviation 6.9. We set 11 = 83.15, i.e. the reported mean accuracy of STEP as
the null hypothesis, Hy. To accept our null hypothesis, we require the p-value to be greater
than 0.50. We compute the p-value of this population as 0.78 > 0.50. Therefore, we fail to
reject the null hypothesis, thus corroborating our classification accuracy statistically.

« Confidence Intervals: This metric determines the likelihood of a value residing in an in-
terval. For a result to be statistically significant, we require a tight interval with high
probability. With a 95% likelihood, we report a confidence interval of [81.19, 85.33] with a
standard deviation of 1.96. Simply put, our classification accuracy will lie between 81.19

and 85.33 with a probability of 0.95.
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Figure 2.7: STEP+Aug: Saliency Map on the E-Gait Dataset. Saliency map showing the
magnitude of the network gradient along the z-axis (in and out of the paper) generated by our
trained network, which is the direction of walking in both the examples shown. The examples
are for the ‘happy’ emotion. In the positive example, the network focuses on the movements of
the arms and the legs. These movements contain important emotional cues, thereby confirming
that our classifier is learning meaningful features to detect affects accurately.

Finally, we show the discriminatory capability of our classifier through a confusion matrix

in Figure 2.6.

2.5.6 Overfitting Analysis

Effect of Generated Data on Classification: We show in Figure 2.4 that the synthetic data
generated by STEP-Gen increases the classification accuracy of STEP+Aug. This, in turn, shows
that STEP-Gen does not memorize the training dataset, but can produce useful diverse samples.
Nevertheless, we see that to achieve every percent improvement in the accuracy of STEP+Aug,
we need to generate an exponentially larger number of synthetic samples as training saturation

sets in.
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Saliency Maps: We show that STEP does not memorize the training dataset, but learns mean-
ingful features, using saliency maps obtained via guided backpropagation on the learned net-
work (Simonyan and Zisserman 2014; Springenberg et al. 2014). Saliency maps determine how
the loss function output changes with respect to a small change in the input. In our case, the
input consists of 3D joint positions over time, therefore, the corresponding saliency map high-
lights the joints that most influence the output. Intuitively, we expect the saliency map for a
positively classified example to capture the joint movements that are most important for pre-
dicting the perceived emotion from a psychological point of view (Crenn et al. 2016). We show
the saliency map given by our trained network for both a positively classified and a negatively
classified example for the label ‘happy’ in Figure 2.7. The saliency map only shows magnitude
of the gradient along the z-axis (in and out of the plane of the paper), which is the direction
of walking in both the examples. Black represents zero magnitude, and bright red represents a
high magnitude. In the positive example, we see that the network focuses on the movements of
the arms and the legs. This is the expected behavior, as the movement of hands and the stride
length and speed are important cues for affect detection (Crenn et al. 2016). By contrast, there

is no intuitive pattern to the detected movements in the saliency map for the negative example.

2.6 Conclusion

As a first attempt towards affect detection from gaits, we have presented a classifier network
called STEP to classify gaits into affect labels, using a combination of pose-based affective fea-
tures and data-driven features. Our network is based on a Spatial Temporal Graph Convolu-
tional Network (ST-GCN) architecture to explicitly leverage the spatial and temporal adjacen-
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cies between the joints reprensting the body poses as it goes through different affective gaits.
To improve our classification performance, we have also developed a generative network called
STEP-Gen to generate synthetic gaits given affect labels, which we use to augment the training
data for our classifier network. We have also released a novel dataset called E-Gait, which con-
sists of 4,227 human gaits annotated with perceived emotions along with thousands of synthetic
gaits. In terms of performance, STEP, when trained with the synthesized data provided by STEP-
Gen, achieves a classification accuracy of 88% on E-Gait, which is an absolute improvement of

14-30% over prior methods.
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CHAPTER 3

Affect Detection From Gaits Using Semi-Supervised Learning

Project Website: https://gamma.umd.edu/taew

Abstract

We present an autoencoder-based semi-supervised approach to classify perceived human emo-
tions from walking styles obtained from videos or motion-captured data and represented as
sequences of 3D poses. Given the motion on each joint in the pose at each time step extracted
from 3D pose sequences, we hierarchically pool these joint motions in a bottom-up manner in
the encoder, following the kinematic chains in the human body. We also constrain the latent
embeddings of the encoder to contain the space of psychologically-motivated affective features

underlying the gaits. We train the decoder to reconstruct the motions per joint per time step in
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a top-down manner from the latent embeddings. For the annotated data, we also train a clas-
sifier to map the latent embeddings to emotion labels. Our semi-supervised approach achieves
a mean average precision of 0.84 on the Emotion-Gait benchmark dataset, which contains both
labeled and unlabeled gaits collected from multiple sources. We outperform current state-of-art
algorithms for both affect and action detection from 3D gaits by 7%-23% on the absolute. More
importantly, we improve the average precision by 10%-50% on the absolute on classes that each

makes up less than 25% of the labeled part of the Emotion-Gait benchmark dataset.

3.1 Introduction

Humans perceive others’ emotions through verbal cues such as speech (Rao, Koolagudi, and
Vempada 2013; Jacob and Mythili 2015), text (Strapparava and Mihalcea 2008; Chen et al. 2018),
and non-verbal cues such as eye-movements (Lu et al. 2015), facial expressions (Fabian Benitez-
Quiroz, Srinivasan, and Martinez 2016), tone of voice, postures (Babu et al. 2018), and walking
styles (Kleinsmith and Bianchi-Berthouze 2013). Perceiving others’ emotions shapes people’s
interactions and experiences when performing tasks in collaborative or competitive environ-
ments (Barrett 2017). Given this importance of perceived emotions in everyday lives, there has
been a steady interest in developing automated techniques for perceiving emotions from vari-
ous cues, with applications in affective computing, therapy, and rehabilitation (Rivas et al. 2015),
robotics (Bauer et al. 2009; Narayanan et al. 2020), audience understanding (Wu et al. 2016), and
character generation (Starke et al. 2019).

While there are multiple non-verbal modalities for perceiving emotions, in our work, we
only observe people’s styles of walking or their gaits, extracted from videos or motion-captured
data. Perceived affect detection using any non-verbal cues is considered to be a challenging
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Figure 3.1: TAEW: Overview. We present a semi-supervised approach to predict discrete per-
ceived emotions from 3D pose sequences of human gaits. Our unsupervised autoencoder learns
latent embeddings for all the labeled and unlabeled input gaits using hierarchical pooling. Our
supervised classifier learns to predict emotion labels by training only the labeled gaits. We train
the autoencoder and the classifier simultaneously to learn to classify the unlabeled data. The

mean average precision of our network increases linearly with the size of the unlabeled training
data.

problem in both psychology and Al primarily because of the unreliability in the cues, arising
from sources such as “mock” expressions (Ekman and Friesen 1967b), expressions affected by
the subject’s knowledge of an observer (Fernandez-Dols and Ruiz-Belda 1995), or even self-
reported emotions in certain scenarios (Nisbett and Wilson 1977). However, gaits generally
require less conscious initiation from the subjects and therefore tend to be more reliable cues.
Moreover, studies in psychology have shown that observers were able to perceive the emotions
of walking subjects by observing features such as arm swinging, stride lengths, collapsed upper

body, etc. (Michalak et al. 2009; Kleinsmith and Bianchi-Berthouze 2013).
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Gaits have been widely used in computer vision for many applications, including action

detection (Yan, Xiong, and Lin 2018; Shi et al. 2019a; Liu et al. 2020) and perceiving emo-

tions (Randhavane et al. 2019a; Randhavane et al. 2019c; Bhattacharya et al. 2020; Mittal et

al. 2020b). However, there are a few key challenges in terms of designing machine learning

methods for affect detection using gaits:

+ Methods based on hand-crafted biomechanical features extracted from human gaits often
suffer from low prediction accuracy (Crenn et al. 2016; Venture et al. 2014).

Fully deep-learned methods (Randhavane et al. 2019a; Bhattacharya et al. 2020) rely heav-
ily on sufficiently large sets of annotated data. Annotations are expensive and tedious to
collect due to the variations in scales and motion trajectories (Ahsan, Sun, and Essa 2018),
as well as the inherent subjectivity in perceiving emotions (Bhattacharya et al. 2020).
The benchmark dataset for affect detection, Emotion-Gait (Bhattacharya et al. 2020), has
around 4, 000 data points of which more than 53% are unlabeled.

Conditional generative methods are useful for data augmentation, but current methods
can only generate data for short time periods (Holden, Saito, and Komura 2016; Yang et al.
2018a) or with relatively low diversity (Pavllo, Grangier, and Auli 2018; Yan et al. 2019b;

Khodabandeh et al. 2018; Bhattacharya et al. 2020).

On the other hand, acquiring poses from videos and MoCap data is cheap and efficient, leading

to the availability of large-scale pose-based datasets (CMU-MOCAP 2018; Ionescu et al. 2014;

Carreira and Zisserman 2017; Shahroudy et al. 2016). Given the availability of these unlabeled

gait datasets and the sparsity of gaits labeled with perceived emotions, there is a need to develop

automatic methods that can utilize these datasets for affect detection.

Main Contributions: We present a semi-supervised network that accepts 3D pose sequences
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of human gaits extracted from videos or motion-captured data and predicts discrete perceived
emotions, such as happy, angry, sad, and neutral. Our network consists of an unsupervised
autoencoder coupled with a supervised classifier. The encoder in the unsupervised autoencoder
hierarchically pools attentions on parts of the body. It learns separate intermediate feature
representations for the motions on each of the human body parts (arms, legs, and torso) and
then pools these features in a bottom-up manner to map them to the latent embeddings of the
autoencoder. The decoder takes in these embeddings and reconstructs the motion on each joint
of the body in a top-down manner.

We also perform affective mapping: we constrain the space of network-learned features
to subsume the space of biomechanical affective features (Riggio 2017) expressed from the input
gaits. These affective features contain useful information for distinguishing between different
perceived emotions. Lastly, for the labeled data, our supervised classifier learns to map the
encoder embeddings to the discrete emotion labels to complete the training process. To sum-
marize, we contribute:

+ A semi-supervised network, consisting of an autoencoder and a classifier, that are
trained together to predict discrete perceived emotions from 3D pose sequences of gaits
of humans.

+ A hierarchical attention pooling module on the autoencoder to learn useful embed-
dings for unlabeled gaits, which improves the mean average precision (mAP) in classifi-
cation by 1-17% on the absolute compared to state-of-the-art methods in both affect and
action detection from 3D gaits on the Emotion-Gait benchmark dataset.

« Subsuming the affective features expressed from the input gaits in the space of learned

embeddings. This improves the mAP in classification by 7-23% on the absolute compared
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to state-of-the-art methods.
We observe the performance of our network improves linearly as more unlabeled data is used
for training. More importantly, we report a 10-50% improvement on average precision on the
absolute for emotion classes that have fewer than 25% labeled samples in the Emotion-Gait

dataset (Bhattacharya et al. 2020).

3.2 Related Work

We briefly review prior work in classifying perceived emotions from gaits, as well as the related
task of action detection and generation from gaits.

Detecting Perceived Emotions from Gaits. Experiments in psychology have shown that ob-
servers were able to identify sadness, anger, happiness, and pride by observing gait features such
as arm swinging, long strides, erect posture, collapsed upper body, etc. (Montepare, Goldstein,
and Clausen 1987; Meeren, Heijnsbergen, and Gelder 2005b; Michalak et al. 2009; Kleinsmith
and Bianchi-Berthouze 2013). This, in turn, has led to considerable interest from both the com-
puter vision and the affective computing communities in detecting perceived emotions from
recorded gaits. Early works exploited different gait-based affective features to automatically
detect perceived emotions (Karg, Kuhnlenz, and Buss 2010; Venture et al. 2014; Crenn et al.
2016; Wang, Enescu, and Sahli 2016; Daoudi et al. 2017). More recent works combined these af-
fective features with features learned from recurrent (Randhavane et al. 2019a) or convolutional
networks (Bhattacharya et al. 2020) to significantly improve classification accuracies.

Action Detection and Generation. There are large bodies of recent work on both gait-based
supervised action detection (Choutas et al. 2018; Yan et al. 2019a; Yan, Xiong, and Lin 2018;
Zhang et al. 2018b; Si et al. 2019; Shi et al. 2019a; Shi et al. 2019b; Liu et al. 2020), and gait-based
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unsupervised action generation (Khodabandeh et al. 2018; Yan et al. 2019b; Holden, Saito, and
Komura 2016; Pavllo, Grangier, and Auli 2018). These methods make use of RNNs or CNNs, in-
cluding GCNss, or a combination of both, to achieve high classification accuracies on benchmark
datasets such as Human3.6M (Ionescu et al. 2014), Kinetics (Carreira and Zisserman 2017), NTU
RGB-D (Shahroudy et al. 2016), and more. On top of the deep-learned networks, some methods
have also leveraged the kinematic dependencies between joints and bones (Shi et al. 2019a), dy-
namic movement-based features (Shi et al. 2019b), and long-range temporal dependencies (Liu
et al. 2020), to further improve performance. A comprehensive review of recent methods in
kinect-based action detection is available in (Wang, Huynh, and Koniusz 2020).

RNN and CNN-based approaches have been extended to semi-supervised classification
as well (Harvey et al. 2018; Pavllo et al. 2019; Kanazawa et al. 2019; Zhang et al. 2019). These
methods have also added constraints on limb proportions, movement constraints, and exploited
the autoregressive nature of gait prediction to improve their generative and classification com-
ponents.

Generative methods have also exploited full sequences of poses to directly generate full
test sequences (Yang et al. 2018b; Cai et al. 2018a). Other approaches have used constraints
on limb movements (Ahsan, Sun, and Essa 2018), action-specific trajectories (Holden, Saito, and
Komura 2016), and the structure and kinematics of body joints (Pavllo, Grangier, and Auli 2018),
to improve the naturalness of generated gaits.

In our work, we learn latent embeddings from gaits by exploiting the kinematic chains
in the human body (Badler, Phillips, and Webber 1993) in a hierarchical fashion. Inspired by
prior works in affect understanding from gaits, we also constrain our embeddings to contain

the space of affective features expressed from gaits, to improve our average precision, especially
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on the rarer classes.

3.3 Approach

Given both labeled and unlabeled 3D pose sequences for gaits, our goal is classify all the gaits
into one or more discrete perceived emotion labels, such as happy, sad, angry, etc. We use a
semi-supervised approach to achieve this, by combining an autoencoder with a classifier, as
shown in Figure 3.3. We denote the set of trainable parameters in the encoder, decoder, and
classifier with 0, 1), and ¢ respectively. We first extract the rotation per joint from the first time
step to the current time step in the input sequences (details in Section 3.3.2). We then pass these
rotations through the encoder, denoted with fy (-), to transform the input rotations into features
in the latent embedding space. We pass these latent features through the decoder, denoted with
fi (), to generate reconstructions of the input rotations. If training labels are available, we also
pass the encoded features through the fully-connected classifier network, denoted with f; (-),

to predict the probabilities of the labels. We define our overall loss function as

M

C@.6.0) = > 1Ccr (¥ fyop (D) ) + Ca (D, fron (D) ) (1)

i=1

where fjo, (1) = fp (fa()) denotes the composition of functions, IJ(,i) is an indicator variable
denoting whether the ith data point has an associated label y(i), M is the number of gait samples,
Ccr, denotes the classifier loss detailed in Section 3.3.3, and C4g denotes the autoencoder loss

detailed in Section 3.3.4. For brevity of notation, we will henceforth use j/(i) = fooh (D(i)> and

DO 1= £ (D).
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Table 3.1: Affective Features for Gaits — Descrip-

12 pied tions. List of the 18 pose affective features that we use

: ‘ ec . .

Right shoulder 17,(I%_13 Left Shouder to describe the affective feature space for our network.
Spine 10¢

9 Lower Back

Right Elbow 18‘,"‘:" 14 Left Elbow shoulders at lower back
' hands at root
left shoulder and hand at elbow
' right shoulder and hand at elbow
'I‘ 6 Left Hand Index Anel head and left shoulder at neck
'l Left Hip beri%v :Zn head and right shoulder at neck
L"\ 2 Left Knee head and left knee at root
i head and right knee at root
\ left toe and right toe at root

Right Hand Base 19"‘;‘;‘“ 5 0 1
Right Hand Index 26/ “" i

I ‘ 15 Left Hand Base
Right Hip \1

Ji
,‘ Root!
f
|
|
|

Right Knee 6 |

Right Heel 7,

\ 3 Left Heel left hip and toe at knee
Right Toe 8 4 | Left Toe right hip and toe at knee

Distance left hand index (LHI) to neck and LHI to root

Figure 3.2: 3D Pose Model for " right-hand index (RHI) to neck and RHI to root
. Th d beri {)a tlos LHI to RHI and neck to root

Gaits. ¢ names and numbering etweent left toe to right toe and neck to root
of the 21 J omts 1n tljle pose fol- Area(A) A shoulders to lower back and A shoulders to root
low the nomenclature in the ELMD ratios A hands to lower back and A hands to root
dataset (Hab1b1e et al. 201 7) between A hand indices to neck and A toes to root

3.3.1 Representing Emotions

The Valence-Arousal-Dominance (VAD) model (Mehrabian and Russell 1974) is used for repre-
senting emotions in a continuous space. This model assumes three independent axes for valence,
arousal, and dominance values, which collectively indicate an observed emotion. Valence in-
dicates how pleasant (vs. unpleasant) the emotion is, arousal indicates how much the emotion
is tied to high (vs. low) physiological intensity, and dominance indicates how much the emo-
tion is tied to the assertion of high (vs. low) social status. For example, discrete emotion terms
such as happy indicate high valence, medium arousal, and low dominance, angry indicate low
valence, high arousal, and high dominance, and sad indicate low valence, low arousal, and low
dominance.

On the other hand, these discrete emotion terms are easily understood by non-expert an-
notators and end-users. As a result, most existing datasets for supervised emotion classification

consist of discrete emotion labels, and most supervised methods report performance on pre-
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dicting these discrete emotions. In fact, discrete emotions can actually be mapped back to the
VAD space through various known transformations (Mehrabian 1996; Hoffmann et al. 2012).
Given these factors, we choose to use discrete emotion labels in our work as well. We also note
that human observers have been reported to be most consistent in perceiving emotions varying
primarily on the arousal axis, such as happy, sad, and angry (Roether et al. 2009; Gross, Crane,

and Fredrickson 2012). Hence we work with the four emotions, happy, sad, angry, and neutral.

3.3.2 Representing the Data

Given the 3D pose sequences for gaits, we first obtain the rotations per joint per time step. We
, JT - . .
denote a gait as G = {(xjt, yjt, 'J)} o consisting of the 3D positions of J joints across T
J=Lt=
time steps. We denote the rotation of joint j from the first time step to time step t as R} €
SO (3). We represent these rotations as unit quaternions q} € H c R* where H denotes the
space of unit 4D quaternions. As stated in (Pavllo, Grangier, and Auli 2018), quaternions are
free of the gimbal-lock problem, unlike other common representations such as Euler angles or

exponential maps (Grassia 1998). We enforce the additional unit norm constraints for these

quaternions when training our autoencoder. We represent the overall input to our network as

. 9T
(i) ._ t FxT
p . {q] }j=l,t=1 e HIXT,

3.3.3 Using Perceived Affects and Constructing Classifier Loss

Observers’ perception of affects in others depends heavily influenced by their own personal, so-
cial, and cultural experiences, making affect understanding an inherently subjective task (Roether
et al. 2009; Kleinsmith and Bianchi-Berthouze 2013). Consequently, we need to keep track of the

differences in the perceptions of different observers. We do this by assigning multi-hot emotion
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labels to each input gait.
We assume that the given labeled gait dataset consists of C discrete emotion classes. The

lth

raw label vector L) for the ith gait is a probability vector where the ['* element denotes the

It emotion. Specifically, we

probability that the corresponding gait is perceived to have the
assume L& ¢ [0,1]€ to be given as L = (p1--- pC]T, where p; denotes the probability of
the I™ emotion and [ = 1,2,...C. In practice, we compute the probability of each emotion
for each labeled gait in a dataset as the fraction of annotators who labeled the gait with the
corresponding emotion. To perform classification, we need to convert each element in L) to
an assignment in {0, 1}, resulting in the multi-hot emotion label ¥ € {0,1}€. Taking into
account the subjectivity in perceiving emotions, we set an element [ in y(i) to 1if p; > %, ie.,
the [th perceived emotion has more than a random chance of being reported, and 0 otherwise.

Since our classification problem is multi-class (typically, C > 2) as well as multi-label (as we

use multi-hot labels), we use the weighted multi-class cross-entropy loss

C
Cer (y0,57) == 3~ wi ()P log () (32)
I=1

for our classifier loss, where (yl)(i) and (j/l)(i) denote the It components of y(i) and j/(i), respec-
tively. We also add per-class weights w; = e P! to make the training more sensitive to mistakes
on the rarer samples in the labeled dataset.

3.3.4 Using Affective Features and Constructing Autoencoder Loss

Our autoencoder loss consists of three constraints: affective loss, quaternion loss, and angle

loss.
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Affective loss. Prior studies in psychology report that a person’s perceived emotions can be
represented by a set of scale-independent gait-based affective features (Crenn et al. 2016). We
consider the poses underlying the gaits to be made up of § = 21 joints (Figure 3.2). Inspired
by (Randhavane et al. 2019a), we categorize the affective features as follows:

« Angles subtended by two joints at a third joint. For example, between the head and the
neck (used to compute head tilt), the neck, and the shoulders (to compute slouching), root
and thighs (to compute stride lengths), etc.

« Distance ratios between two pairs of joints. For example, the ratio between the distance
from the hand to the neck, and that from the hand to the root (to compute arm swings).

« Area ratios formed by two triplets of joints. For example, the ratio of the area formed
between the elbows and the neck and the area formed between the elbows and the root
(to compute slouching and arm swings). Area ratios can be viewed as amalgamations of
the angle- and the distance ratio-based features used to supplement observations from
these features.

We present the full list of the A = 18 affective features we use in Table 3.1. We denote the set
of affective features across all time steps for the ith gait with a) € RA%T. We then constrain a
subset of the embeddings learned by our encoder to map to these affective features. Specifically,
we construct our embedding space to be REXT such that £ > A. We then constrain the first
AX T dimensions of the embedding, denoted with a\ for the ith gait, to match the corresponding

affective features a(!). This gives our affective loss constraint:

4 _ 0]

Lo (a(i), a@) - (3.3)
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We use affective constraints rather than providing affective features as input because there is
no consensus on the universal set of affective features, especially due to cross-cultural differ-
ences (Ekman and Friesen 1969; Roether et al. 2009). Thus, we allow the encoder of our autoen-
coder to learn an embedding space using both data-driven features and our affective features,
to improve generalizability.

Quaternion loss. The decoder for our autoencoder returns rotations per joint per time step as

A\
quaternions (qj) . We then constrain these quaternions to have unit norm:

2
- 1) . (3.4)

We apply this constraint instead of normalizing the decoder output, since individual rotations

o (@)") = (| @)"

tend to be small, which leads the network to converge all its estimates to the unit quaternion.
Angle loss. This is the reconstruction loss for the autoencoder. We obtain it by converting the
input and the output quaternions to the corresponding Euler angles and computing the mean

loss between them:

(i)[|?

Long (D("),D(")> - H(DX,Dy,DZ)(i) - (DX,Dy,DZ) (3.5)

F

(i)

where (Dy, Dy, D) € [0, 27]37%T and (DX, Dy, DZ) € [0, 27]37* T denotes the set of Euler

angles for all the joints across all the time steps for input D and output D), respectively, and

||| denotes the Frobenius norm.
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Figure 3.3: TAEW: Semi-Supervised Network Architecture. Inputs to the encoder are rota-
tions on each joint at each time step, represented as 4D unit quaternions. The inputs are pooled
bottom-up according to the kinematic chains of the human body. The embeddings at the end of
the encoder are constrained to lie in the space of the mean affective features RA. For labeled
data, the embeddings are passed through the classifier to predict output labels. The linear layers
in the decoder take in the embeddings and reconstruct the motion on each joint at a single time-
step at the output of the first GRU. The second GRU in the decoder takes in the reconstructed
joint motions at a single time step and predicts the joint motions for the next time step for T-1
steps.

Combining Eqgs. 3.3, 3.4 and 3.5, we write the autoencoder loss Cg (-, -) as

Cu (D(n, DU)) = Lang (Du), D<")) + AquatLquat + AaLatt (3.6)

where Aquat and A, are the regularization weights for the quaternion loss constraint and the
affective loss constraint, respectively. To keep the scales of Lquat and L,¢ consistent, we also

scale all the affective features to lie in [0, 1].

3.4 Network Architecture and Implementation

Our network for semi-supervised classification of discrete perceived emotions from gaits, shown
in Figure 3.3, consists of three components, the encoder, the decoder, and the classifier. We

describe each of these components and then summarize the training routine for our network.
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3.4.1 Encoder with Hierarchical Attention Pooling

We first pass the sequences of joint rotations on all the joints through a two-layer Gated Re-
current Unit (GRU) to obtain feature representations for rotations at all joints at all time steps.
We pass each of these representations through individual linear units. Following the kinematic
chain of the human joints (Badler, Phillips, and Webber 1993), we pool the linear unit outputs
for the two arms, the two legs, and the torso in five separate linear layers. Thus, each of these
five linear layers learns to focus attention on a different part of the human body. We then pool
the outputs from these five linear layers into another linear layer, which, by construction, fo-
cuses attention on the motions of the entire body. For pooling, we perform vector addition as a
way of composing the features at the different hierarchies.

Our encoder learns the hierarchy of the joint rotations in a bottom-up manner. We map
the output of the last linear layer in the hierarchy to a feature representation in the embedding
space of the encoder through another linear layer. In our case, the embedding space lies in REXT
with £ = 32, which subsumes the space of affective features RA*T with A = 18, as discussed in

Section 3.3.4.

3.4.2 Decoder with Hierarchical Attention Un-pooling

The decoder takes in the embedding from the encoder, repeats it five times for un-pooling,
and passes the repeated features through five linear layers. The outputs of these linear layers
are features representing the reconstructions on the five parts, torso, two arms, and two legs.
We repeat each of these features for un-pooling, and then collectively feed them into a GRU,

which reconstructs the rotation on every joint at a single step. A subsequent GRU takes in the
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reconstructed joint rotations at a single time step and successively predicts the joint rotations

for the next T — 1 time steps.

3.4.3 Classifier for Labeled Data

Our classifier takes in the embeddings and passes it through a series of three linear layers, flat-
tening the features between the second and the third linear layers. The output of the final linear
layer, called “Output Labels” in Figure 3.3, provides the label probabilities. To make predictions,
we set the output for a class to be 1 if the label probability for that class was more than %, similar

to the routine for constructing input labels discussed in Section 3.3.3.

3.4.4 Training Routine

We train using the Adam optimizer (Kingma and Ba 2014) with a learning rate of 0.001, which
we decay by a factor of 0.999 per epoch. We apply the ELU activation (Clevert, Unterthiner, and
Hochreiter 2015) on all the linear layers except the output label layer, apply batch normaliza-
tion (loffe and Szegedy 2015) after every layer to reduce internal covariance-shift, and apply a
dropout of 0.1 to prevent overfitting. On the second GRU in the decoder, which predicts joint
rotations for T successive time steps, we use a curriculum schedule (Bengio et al. 2015). We start
with a teacher forcing ratio of 1 on this GRU and at every epoch E, we decay the teacher forcing
ratio by S = 0.995, i.e., we either provide this GRU the input joint rotations with probability
BE, or the GRU’s past predicted joint rotations with probability 1 - 5£. Curriculum scheduling
helps the GRU to gently transition from a teacher-guided prediction routine to a self-guided
prediction routine, thereby expediting the training process.

We train our network for 500 epochs, which takes around 4 hours on an Nvidia GeForce
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GTX 1080Ti GPU with 12 GB memory. We use 80% of the available labeled data and all the
unlabeled data for training our network, and validate its classification performance on a separate
10% of the labeled data. We keep the remaining 10% as the held-out test data. We also observed
satisfactory performance when the weights Aquat and A,¢ (in Equation 3.6) lie between 0.5 and

2.5. For our reported performances in Section 3.5.3, we used a value of 2 for both.

3.5 Results

We perform experiments with the Emotion-Gait benchmark dataset (Bhattacharya et al. 2020).
It consists of 3D pose sequences of gaits collected from a variety of sources and partially labeled
with perceived emotions. We provide a brief description of the dataset in Section 3.5.1. We list
the methods we compare with in Section 3.5.2. We then summarize the results of the experi-
ments we performed with this dataset on all these methods in Section 3.5.3, and describe how

to interpret the results in Section 3.5.4.

3.5.1 Dataset

The Emotion-Gait dataset (Bhattacharya et al. 2020) consists of gaits collected from various
sources of 3D pose sequence datasets, including BML (Ma, Paterson, and Pollick 2006), Hu-
man3.6M (Ionescu et al. 2014), ICT (Narang et al. 2017), CMU-MoCap (CMU-MOCAP 2018) and
ELMD (Habibie et al. 2017). To maintain a uniform set of joints for the pose models collected
from diverse sources, we converted all the models in Emotion-Gait to the 21 joint pose model
used in ELMD (Habibie et al. 2017). We clipped or zero-padded all input gaits to have 240 time
steps, and downsampled it to contain every 5th frame. We passed the resultant 48 time steps

to our network, we have i.e, T = 48. In total, the dataset has 3,924 gaits of which 1, 835 have
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emotion labels provided by 10 annotators, and the remaining 2,089 are not annotated. Around
58% of the labeled data have happy labels, 32% have sad labels, 23% have angry labels, and only
14% have neutral labels (more details on the project webpage).

Histograms of Affective Features. We show histograms of the mean values of 6 of the 18
affective features we use in Figure 3.4. The means are taken across the T = 48 time steps in the
input gaits and differently colored for inputs belonging to the different emotion classes as per
the annotations. We count the inputs belonging to multiple classes once for every class they
belong to. For different affective features, different sets of classes have a high overlap of values
while values of the other classes are well-separated. For example, there is a significant overlap
in the values of the distance ratio between right-hand index to the neck and right-hand index to
the root (Figure 3.4, bottom left) for gaits belonging to sad and angry classes, while the values
of happy and neutral are distinct from these. Again, for gaits in happy and angry classes, there
is a high overlap in the ratio of the area between hands to lower back and hands to root (Fig-
ure 3.4, bottom right), while the corresponding values for gaits in neutral and sad classes are
distinct from these. The affective features also support observations in psychology correspond-
ing to perceiving emotions from gaits. For example, slouching is generally considered to be an
indicator of sadness (Michalak et al. 2009). Correspondingly, we can observe that the values of
the angle between the shoulders at the lower back (Figure 3.4, top left) are lowest for sad gaits,

indicating slouching.

3.5.2 Comparison Methods

We compare our method with the following state-of-the-art methods for both affect and action

detection from gaits. We choose to compare with action detection methods because similar to
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these methods, we aim to learn a mapping from gaits to a set of labels (emotions instead of
actions).

« Affect Detection. We compare with the network of (Randhavane et al. 2019a), which
combines affective features from gaits with features learned from an LSTM-based network
taking pose sequences of gaits as input, to form hybrid feature vectors for classification.
We also compare with STEP (Bhattacharya et al. 2020), which trains a spatial-temporal
graph convolution-based network with gait inputs and affective features obtained from
the gaits, and then fine-tunes the network with data generated from a graph convolution-
based variational autoencoder.

+ Action Detection. We compare with recent state-of-the-art methods based on the spatial-
temporal graph convolution network (STGCN) (Yan, Xiong, and Lin 2018), the directed
graph neural network (DGNN) (Shi et al. 2019a), and the multi-scale graph convolutions
with temporal skip connections (MS-G3D) (Liu et al. 2020). STGCN computes spatial
neighborhoods as per the bone structure of the 3D poses and temporal neighborhoods
according to the instances of the same joints across time steps and performs convolu-
tions based on these neighborhoods. DGNN computes directed acyclic graphs of the bone
structure based on kinematic dependencies and trains a convolutional network with these
graphs. MS-G3D performs multi-scale graph convolutions on the spatial dimensions and
adds skip connections on the temporal dimension to model long-range dependencies for
various actions.

For a fair comparison, we retrained all these networks from scratch with the labeled portion
of the Emotion-Gait dataset, following their respective reported training parameters, and the

same data split of 8 : 1 : 1 as our network.
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Table 3.2: TAEW: Average Precision Score Comparison. Average precision (AP) per class
and the mean average precision (mAP) over all the classes achieved by all the methods on the
Emotion Gait dataset. Classes are Happy (H), Sad (S), Angry (A) and Neutral (N). Higher values
are better. Bold indicates best, blue indicates second best.

Method AP mAP
H S A N
STGCN (Yan, Xiong, and Lin 2018) 0.98 0.83 0.42 0.18 0.61
DGNN (Shi et al. 2019a) 0.98 0.88 0.73 0.37 0.74
MS-G3D (Shi et al. 2019a) 0.98 0.88 0.75 0.44 0.76
LSTM Network (Randhavane et al. 2019a) 0.96 0.84 0.62 0.51 0.73
STEP (Bhattacharya et al. 2020) 097 0.88 0.72 052 0.77
TAEW (Our Method) 098 0.89 0.81 0.71 0.84

3.5.2.1 Evaluation Metric

Since we deal with a multi-class, multi-label classification, we report the average precision (AP)
achieved per class, which is the mean of the precision values across all values of recall between

0 and 1. We also report the mean AP, which is the mean of the APs achieved in all the classes.

3.5.3 Experiments

In our experiments, we ensured that the held-out test data were from sources different from the
train and validation data in the Emotion-Gait dataset. We summarize the AP and the mean
AP scores of all the methods in Table 3.2. Our method outperforms the next best method,
STEP (Bhattacharya et al. 2020), by around 7% and outperforms the lowest-performing method,
STGCN (Yan, Xiong, and Lin 2018), by 23%, both on the absolute. We summarize additional re-
sults, including the interpretation of the data labels and our results in the VAD dimensions (Mehra-

bian and Russell 1974), on our project webpage.
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Both the LSTM-based network and STEP consider per-frame affective features and inter-
frame features such as velocities and rotations as inputs but do not explicitly model the depen-
dencies between these two kinds of features. Our network, on the other hand, learns to embed a
part of the features learned from joint rotations in the space of affective features. These embed-
ded features, in turn, help our network predict the output emotion labels with more precision.

The action detection methods STGCN, DGNN, and MS-G3D focus more on the movements
of the leaf nodes, i.e,, hand indices, toes, and head. These nodes are useful for distinguishing
between actions such as running and jumping but do not contain sufficient information to dis-
tinguish between perceived emotions.

Moreover, given the long-tail nature of the distribution of labels in the Emotion-Gait
dataset (Section 3.5.1), all the methods we compare with have more than 0.95 AP in the happy
and more than 0.80 AP in the sad classes, but perform much poorer on the angry and the neu-
tral classes. Our method, by contrast, learns to map the joint motions to the affective features,
which helps it achieve around 10-50% better AP on the absolute on the angry and the neutral

class while maintaining similarly high AP in the happy and the sad classes.

3.5.3.1 Ablation Studies

We also perform ablation studies on our method to highlight the benefit of each of our three key
components: using hierarchical pooling (HP) (Section 3.4.1), using the affective loss constraint
(AL) (Equation 3.3), and using both labeled and unlabeled data in a semi-supervised manner
(Equation 3.1). We summarize the observations of our ablation studies in Table 3.3.

First, we train our network only on the labeled dataset by removing the decoder part of

our network and dropping the autoencoder loss from Equation 3.1. Without using either AL or
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Table 3.3: TAEW: Ablation Studies. Comparing average precisions of ablated versions of our
method. HP denotes Hierarchical Pooling, AL denotes the Affective Loss constraint. AP, mAP,
H, S, A, N are reused from Table 3.2. Bold indicates best, blue indicates second best.

Method AP mAP
H S A N

With only labeled data, no AL or HP 0.92 0.81 0.51 042 0.67
With only labeled data, HP and no AL 0.93 0.81 0.63 049 0.72
With only labeled data, ALandno HP 096 0.86 0.70 0.51 0.76

With only labeled data, AL and HP 0.97 0.8 0.72 055 0.78
With all data, no AL or HP 0.94 0.83 0.55 0.48 0.70
With all data, HP and no AL 096 085 0.70 0.60 0.78
With all data, AL and no HP 0.97 0.87 0.76 0.65 0.81
With all data, AL and HP 0.98 0.89 0.81 0.71 0.84

HP, the network achieves an AP of 0.51 on angry and 0.42 on neutral, the two least populous
classes. We call this our baseline network. Adding only the AL increases these two APs more
from the baseline than adding only the HP. This is reasonable since hierarchical pooling helps
the network learn generic differences in the pose sequences of different data, while the affective
loss constraint helps the network to distinguish between pose structures specific to different
perceived emotions. Adding both HP and AL increases the AP from the baseline even further.
From these experiments, we can confirm that using either AL or HP improves the performance
from the baseline, and their collective performance is better than their individual performances.

Next, we add in the decoder and use both labeled and unlabeled data for training our
network, using the loss in Equation 3.1. Without both AL and HP, the network now achieves an
AP of 0.55 on angry and 0.48 on neutral, showing appreciable improvements from the baseline.
Also, as earlier, adding in only the AL shows more benefit on the network’s performance than

adding in only the HP. Specifically, adding in only the HP produces 1% absolute improvement in
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Figure 3.4: Conditional Distributions of Mean Af-  Figure 3.5: Effect of Adding Unla-
fective Features on the E-Gait Dataset. Distribu- beled Data to TAEW Training. AP
tions of 6 of the 18 affective features, for the Emotion-  achieved on each class, as well as the
Gait dataset, conditioned on the given classes Happy, = mean AP over the classes, increases
Sad, Angry, and Neutral. Mean is taken across the linearly as we add more unlabeled
number of time steps. We observe that the different  data to train our network. The incre-

classes have different distributions of peaks, indicat-  ment is most significant for the neu-
ing that these features are useful for distinguishing  tral class, which has the fewest labels
between perceived emotions. in the dataset.

mean AP over STEP (Bhattacharya et al. 2020) (row 4 in Table 3.2) and 17% absolute improvement
in mean AP over STGCN (Yan, Xiong, and Lin 2018) (row 1 in Table 3.2). Adding in only the AL
produces 4% absolute improvement in mean AP over STEP (Bhattacharya et al. 2020) (row 4 in
Table 3.2) and 20% absolute improvement in mean AP over STGCN (Yan, Xiong, and Lin 2018)
(row 1 in Table 3.2). Adding in both, we get the final version of our network, which improves
on the mean AP of STEP (Bhattacharya et al. 2020) by 7%, and the mean AP of STGCN (Yan,

Xiong, and Lin 2018) by 23%.

3.5.3.2 Performance Trend with Increasing Unlabeled Data

In practice, it is relatively easy to collect unlabeled gaits from videos or using motion capture.
We track the performance improvement of our network as we keep adding unlabeled data to
our network, and summarize the results in Figure 3.5. We observe that the mean AP improves
linearly as we add more data. The trend does not indicate a saturation in AP for the angry

and the neutral classes even after adding all the 2,089 unlabeled data. This suggests that the
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Figure 3.6: Comparing TAEW Predictions with Human Annotations. The top row shows 4
gaits from the Emotion-Gait dataset where the predicted labels of our network exactly matched
the annotated input labels. The bottom row shows 4 gaits where the predicted labels did not
match any of the input labels. Each gait is represented by 3 poses in temporal sequence from
left to right. We observe that most of the disagreements are between either happy and angry or
between sad and neutral, which is consistent with general observations in psychology.

performance of our approach can increase further with more unlabeled data.

3.5.4 Interpretation of the Network Predictions

We show the qualitative results of our network in Figure 3.6. The top row shows cases where
the predicted labels for a gait exactly matched all the corresponding annotated labels. We ob-
serve that the gaits with happy and angry labels in the annotation have more animated joint
movements compared to the gaits with sad and neutral labels, which our network was able to
successfully learn from the affective features. This is in line with established studies in psychol-
ogy (Mehrabian and Russell 1974), which show that both happy and angry emotions lie high
on the arousal scale, whereas neutral and sad are lower on the arousal scale. The bottom row
shows cases where the predicted labels for a gait did not match any of the annotated labels. We
notice that most disagreements arise either between sad and neutral labels or between happy

and angry labels. This again follows the observation that both happy and angry gaits, higher
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on the arousal scale, often have more exaggerated joint movements, while both sad and neutral
gaits, lower on the arousal scale, often have more reserved joint movements. There are also
disagreements between happy and neutral labels for some gaits, where the joint movements in
the happy gaits are not as exaggerated.

We also make an important distinction between the multi-hot input labels provided by
human annotators and the multi-hot predictions of our network. The input labels capture the
subjectivity in human perception, where different human observers perceive different emotions
from the same gait based on their own biases and prior experiences (Roether et al. 2009). The
network, on the other hand, indicates that the emotion perceived from a particular gait data best
fits one of the labels it predicts for that data. For example, in the third result from left on the top
row in Figure 3.6, five of the ten annotators perceived the gait to be happy, three perceived it to
be angry, and the remaining two perceived it to be neutral. Following our annotations procedure
in Section 3.4.3, we annotated this gait as an instance of both happy and angry. Given this gait,
our network predicts a multi-hot label with 1’s for happy and angry and 0’s for neutral and sad.
This indicates that the network successfully focused on the arousal in this gait, and found the
emotion perceived from it to best match either happy or angry, and not match neutral and sad.

We present more such results on our project webpage.

3.6 Conclusion

We have expanded affect detection from gaits to a semi-supervised method that can classify
gaits by learning underlying gait patterns from both labeled and unlabeled data. Our method
learns by hierarchically pooling and un-pooling the body joints following the kinematic chains
in the human body, while learning data-driven latent embeddings. To better learn from pose-
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based affective features, we have also trained our semi-supervised network by constraining part
of its latent embeddings to match the space those affective features. Further, we have relaxed
the one-hot discrete affect labels to multi-hot labels to allow for subjectivity in affect perception.
Our method achieves highest improvement in performance (an absolute 10%-50% compared to
the baselines) on the most rarely populated affect classes, highlighting how our design of the

latent embeddings together with the use of unlabeled data for training avoids data overfitting.
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CHAPTER 4

Affective Gait Synthesis Using Conditional Autoregression

Project Website: https://gamma.umd.edu/gen_emotive_gaits

Abstract

We present a novel autoregression network to generate virtual agents that convey various emo-
tions through their walking styles or gaits. Given the 3D pose sequences of a gait, our network
extracts pertinent movement features and affective features from the gait. We use these fea-
tures to synthesize subsequent gaits such that the virtual agents can express and transition
between emotions represented as combinations of happy, sad, angry, and neutral. We incorpo-
rate multiple regularizations in the training of our network to simultaneously enforce plausible

movements and noticeable emotions on the virtual agents. We also integrate our approach with
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an AR environment using a Microsoft HoloLens and can generate affective gaits at interactive
rates to increase the social presence. We evaluate how human observers perceive both the nat-
uralness and the emotions from the generated gaits of the virtual agents in a web-based study.
Our results indicate around 89% of the users found the naturalness of the gaits satisfactory on a
five-point Likert scale, and the emotions they perceived from the virtual agents are statistically
similar to the intended emotions of the virtual agents. We also use our network to augment
existing gait datasets with affective gaits and will release this augmented dataset for future re-

search in emotion prediction and affective gait synthesis.

4.1 Introduction

Having developed state-of-the-art methods for affect detection from gaits, we now turn our
attention to the harder problem of affect synthesis for intelligent virtual agents (IVAs). The
generation of IVAs is important for many virtual and augmented reality systems. The virtual
agents correspond to embodied digital characters that are often used as avatars to represent
the users and may look like real-world characters. Recent work in photorealistic rendering
and capturing technologies has resulted in generating agents or avatars that closely resemble
the humans and are widely used in VR and AR systems (NEON: https://www.neon.life/ 2020;
Gonzalez-Franco et al. 2020).

Many applications, including virtual assistance, training, and Al chatbots, need a com-
putationally created virtual agent or an avatar that not only looks like a real human but also
behaves like one and conveys emotions (Latoschik et al. 2017; Randhavane et al. 2019b). Per-
ception of such emotional expressiveness is commonly described as the ability of an observer to
make decisions on a subject’s emotional state by observing certain patterns or cues physically
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Neutral

Figure 4.1: Affective Gait Synthesis: Overview. Samples of the affective gaits for VAs gener-
ated by our learning-based algorithm in an AR environment. The top row shows stick figures
and the bottom row shows human models corresponding to the VAs. The VAs can exhibit differ-
ent emotions based on their gaits, as indicated at the top of each column, while walking along
user-defined trajectories at interactive rates.

expressed by the subject (Phillips et al. 2003; Roether et al. 2009; Gross, Crane, and Fredrickson
2012). These physical cues are expressed through various “modalities,” including, but not limited
to, facial expressions (Ekman and Friesen 1978), tones of voice (Frick 1985), gestures, body ex-
pressions (Dael, Mortillaro, and Scherer 2012), walking styles or “gaits” (Montepare, Goldstein,
and Clausen 1987), etc. Emotions coming from such different modalities (Mittal et al. 2020a),
in conjunction with the different underlying situational and social contexts (Kosti et al. 2019;
Mittal et al. 2020b), have a significant impact on our everyday lives. They influence our social
interactions and relationships and provide key insights into developing healthy social environ-
ments (Keltner and Haidt 2001). Similarly, emotions can greatly impact the perception of these

virtual agents in terms of social presence and how the users behave when interacting with them
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in AR and VR environments (Latoschik et al. 2019; Moustafa and Steed 2018; Randhavane et al.
2019b).

In this paper, we mainly focus on designing virtual agents that are capable of expressing
different emotions through their gaits, i.e. virtual agents with affective gaits. When perceiving
emotions from gaits, humans generally look at physical expressions such as arm swing, stride
length, upper-body posture, head jerk, etc. (Crenn et al. 2016), collectively referred to as af-
fective features. In fact, studies have shown that observers often rely on such cues from gaits
and other body expressions, especially when there are mismatches with cues from more com-
mon modalities such as facial expressions (Aviezer, Trope, and Todorov 2012). As a result, it
is useful to generate virtual agents with affective gaits for gaming and social VR (Osking and
Doucette 2019; Stangl, Ukpabi, and Park 2020), crowd simulation, and path planning (Bauer
et al. 2009; Narayanan et al. 2020), therapy, rehabilitation (Rivas et al. 2015), and psychology
and neurobiology (Nestler et al. 2002; Barrett, Mesquita, and Gendron 2011; Rosenberg et al.
2019). Studies indicate that virtual agents expressing various moods, emotions, and behaviors
elicit more empathy and engagement from humans interacting with them (Riek et al. 2009).
However, automated methods to generate gaits that express certain emotions are challenging
to design and implement. This is hard not only because of the complexity of modeling periodic
and aperiodic motions constituting different gaits, but also because of the individual, social,
and cultural diversities in terms of both expressing and perceiving emotions (Altarriba, Bas-
night, and Canary 2003; Gendron et al. 2014). These challenges are further exacerbated by the
difficulty of collecting and annotating large benchmark datasets of gaits with appropriate emo-
tion labels. Datasets collected in controlled experimental settings are often exaggerated and

not always generalizable. On the other hand, datasets collected in the wild often suffer from
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the long-tail nature of the distribution of emotions, with most emotion being close to neutral.
Therefore, there is a need to develop automated methods to synthesize affective gaits for virtual
agents that can augment the existing datasets.

There is an extensive work in AR/VR, computer graphics, vision and related areas such as
biomechanics, on automated techniques for generating human characters capable of performing
locomotion activities, including walking, running, leaping, and more (Randhavane et al. 2021;
Randhavane et al. 2019¢; Randhavane et al. 2019b; Holden, Saito, and Komura 2016; Holden,
Komura, and Saito 2017; Peng et al. 2017; Yumer and Mitra 2016). These methods make use of
movement features such as joint rotations, joint velocities, frequency of foot contact with the
ground, and walking phases, and combine them with structural and kinematic constraints of the
human body and learning techniques. While these methods can generate plausible locomotion,
walking patterns, and actions, it is non-trivial to add emotional components to these techniques
or use them to generate affective gaits.

Main Results: We present a novel autoregression method that takes as input 3D pose sequences
of the gaits of virtual agents (VAs) and efficiently combines pose affective features such as arm
swings, head jerks, body posture and more, and movement features such as stepping speed,
root height and more, to generate future pose sequences of affective gaits. We present a net-
work architecture that incorporates both spatial information and spectral information available
from the input pose sequences and enables the VAs to both express and transition smoothly
between different emotions while walking. We construct VAs as both stick figures and human
models using our generated affective gaits and integrate these VAs in an AR environment using
the Microsoft HoloLens (Figure 4.1). Our learning-based algorithm takes a few milliseconds to

generate an affective gait for each agent on a pair of NVIDIA GeForce GTX 1080Ti GPUs. Our
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VAs, overlayed onto a real-world room, are rendered at interactive rates to increase their sense

of social presence. The novel components of our work include:

An autoregression network that takes in 3D pose sequences of a VA’s gait, the desired
future trajectory, and the desired emotions. It outputs the VA’s gait expressing the given
emotion while following the given trajectory.

A novel training method combining movement features and psychologically-motivated
affective features into a unified network to generate plausible, emotionally-expressive
gaits.

A transition scheme for the characters to smoothly transition between gaits expressing
different emotions.

An elaborate web-based user study to evaluate the benefits of the affective gaits generated
by our algorithm. We asked the observers to report the emotions they perceived from
the generated gaits, as well as the Likert scale (LS) values of pose affective features that
contributed to their perception. Based on the study, we conclude that

- There is strong statistical evidence to suggest that the observers’ perceived emotions
are statistically similar to the corresponding intended emotions of our VAs, thereby
showing that the generated gaits are emotive,

- The observers consistently reported different LS values of the pose affective features
for different emotions, making our choice of pose affective features statistically sig-
nificant for perceiving emotional expressiveness.

An augmented dataset, “Synthesized Affective Gait,” which provides affective gaits gen-

erated by our method to facilitate more research in this area.
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4.2 Related Work

In this section, we briefly survey prior work on representing emotions, perceiving emotions
from gaits, generating and styling gaits for virtual agents, and making virtual agents emotionally

expressive.

4.2.1 Modeling and Perceiving Emotions from Gaits

Various models for representing emotions have been studied in psychology, and the Valence-
Arousal-Dominance (VAD) model (Mehrabian and Russell 1974) is one of the most popular. The
VAD model considers a continuous 3D space, spanned by the valence, arousal, and dominance
axes. Valence is a measure of the pleasantness of emotion, arousal is a measure of the intensity
of expression, and dominance is the measure of how much emotion makes one feel in con-
trol. Many methods use a simpler model that is a linear combination of discrete emotions and
represents a subset of VAD.

Humans perceive these emotions by observing physical features or cues expressed via
different modalities. Studies conducted by Montepare, Goldstein, and Clausen (1987) concluded
that observers were able to perceive emotions by only looking at the subjects’ gaits. Subse-
quently, Roether et al. 2009 and Gross, Crane, and Fredrickson 2012 identified that observers
were most consistent when looking at gaits expressing emotions that varied on the arousal
axis. Follow-up studies looked more closely at the gait-based expressions observers focused on
for distinguishing between different perceived emotions and identified features including arm
swing, gait velocity, upper body posture, and head jerk (Karg et al. 2013; Crenn et al. 2016; Bhat-

tacharya et al. 2020; Bhattacharya et al. 2020). In contrast to prior approaches, our goal is to
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use affective features and movement features to synthesize gaits with emotions varying on the

arousal axis.

4.2.2 Emotional Expressiveness in Virtual Agents

Prior works have commonly explored the generation of emotionally expressive virtual agents
via modalities such as verbal communication (Chowanda et al. 2016; Sohn et al. 2018), face move-
ments (Ferstl and McDonnell 2018a), body gestures (Jaques et al. 2016), and gaits (Randhavane
et al. 2021; Randhavane et al. 2019b; Randhavane et al. 2019c). These generation techniques have
had significant performance benefits when combined with concepts from affective computing.
For example, Pelczer, Contreras, and Rodriguez 2007 designed a strategy to evaluate the accu-
racy of identifying the modalities of emotional expressiveness in a virtual agent. McHugh et al.
2010 explored how different body postures influenced the understanding of affects of individual
agents in crowds. Clavel et al. 2009 studied the combined effect of faces and postures of virtual
agents on affect understanding, and Liebold and Ohler 2013 generalized this to include com-
binations of other modalities such as verbal cues and faces. More recently, Randhavane et al.
2019c developed an empirical mapping between gait and gaze features and different emotions
to generate emotionally expressive virtual agents. Our approach to generating affective gaits is

complementary to these methods and can be combined with them.

4.2.3 Generating and Styling Gaits for Virtual Agents

There has been extensive prior work in computer graphics and AR/VR for generating and styling
gaits for virtual agents. Early approaches used patch-based building blocks (Lee, Choi, and Lee

2006), kernel-based approaches (Wang, Fleet, and Hertzmann 2007), or modeled the motion
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paths as directed graphs (Kovar, Gleicher, and Pighin 2008) to generate natural-looking move-
ment styles. Recent approaches have leveraged large-scale datasets using deep learning-based
approaches to generate diverse movement styles. These approaches include training a network
on specific joint trajectories (Rokbani, Cherif, and Alimi 2009; Holden, Saito, and Komura 2016),
using periodic phase-functions, which are either modeled geometrically (Holden, Komura, and
Saito 2017) or learned with a neural network (Starke et al. 2019), to represent walking cycles, and
exploiting transfer to reduce over-dependency on data (Mason et al. 2018). Other approaches
use deep reinforcement learning to learn control policies for virtual characters exhibiting dif-
ferent movement styles and actions (Lee et al. 2019; Park et al. 2019; Peng et al. 2017; Peng et al.
2018). Yet other approaches model motion prediction as an autoregression problem, and have
utilized recurrent networks (Pavllo, Grangier, and Auli 2018) and convolutional networks (Li
et al. 2018) on motion captures pose sequences, and generative adversarial learning on dynamic
pose graphs (Cui, Sun, and Yang 2020), to predict future motions. While these methods are not
built for motion styling, their key concepts have been useful in developing many motion-based
style transfer methods (Xia et al. 2015; Du et al. 2019; Kfir et al. 2020).

In contrast with these methods, we combine walking phases and gait-based affective fea-
tures in an autoregression network to estimate future joint rotations and movement features
for different affective gaits. Instead of a DRL-based control policy, our network learns a feature-
based latent representation space and maps from that space to emotion-styled predicted poses.
Furthermore, our emotion styles are sampled from a continuous space of emotions. Therefore,
they need to be modeled differently from conventional styles, which can be viewed as one-hot
labels in a discrete space. We also demonstrate that our approach can generate gaits expressing

a continuous range of emotions, for AR applications.
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Figure 4.2: Affective Features for Gaits.
The top left figure shows our pose graph as
a directed tree, with the joints numbered 0
through 20. We use 18 affective features,
counting 11 joint angles, 4 distance ratios, and
3 area ratios. The joint angles are labeled A;
through A;1, and marked with red arcs on the
last three figures in the top row. The leftmost
figure on the bottom row shows the distances
we use to compute the distance ratios. We use
the ratios gl B3 gg and 2 Do~ The last three
figures on the bottom row show the triangles
we use to Compute area ratios. We use the ra-
tios % ;3 Z These features are used by our
network to generate affective gaits of the vir-

tual agents.

4.3 Generating Affective Gaits
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Figure 4.3: Movement Features — Graphi-
cal. We show the root height from the ground
h!, the root speed s, and the stepping phase
9. The root speed is the distance travelled
between time steps t and t — 1. The step-
ping phase 8! = 0 when the left foot touches
the ground at time step ¢, o+At —  \when
the right foot touches the ground at time step
t + At, and AT = 0 when the left foot
touches the ground again. We fill in the val-
ues for §! between these time steps using lin-
ear interpolation. We use these features in our
autoregression network.

In this section, we present our approach for generating affective gaits of VAs. The inputs to our

algorithm are the sample gaits of a VA provided as motion capture data, the desired trajectory,

and the desired emotion. Our goal is to generate subsequent predictions of the gait that fol-

low the desired trajectory and express the desired emotion. Since our approach depends only

on the input motion-captured gait samples and the desired trajectories, we can adapt to VAs



with different skeletal dimensions, different natural walking styles, as well as to different AR

environments.

4.3.1 Emotion Model

We choose to use an emotion model consisting of linear combinations of categorical emotions
varying primarily on the arousal axis (happy, angry, sad, etc.). Although this model admittedly
spans a smaller set of emotions than the VAD model, prior works have reported that categor-
ical emotion terms are more easily understood by non-experts, leading to the availability of
more labeled data and the generation of a diverse range of emotions (Randhavane et al. 2019a;

Bhattacharya et al. 2020).

4.3.2 Construction of the Generative Components

We present various components used by our network to perform generation: input gaits, emo-

tions, pose affective features, and trajectory features.

4.3.2.1 Gaits

F-1,T-1

T T
We denote a gait Gas G = {Xf = [xf, yjt ; zjt] € Rg} , where [xjt, y]’;, z’r‘} denotes the

j=0,£=0
3D positions of joint j at time step ¢ in the world frame, 7 denotes the total number of joints,
and T denotes the total number of input time steps. The input to our network are joint rotations
extracted from the gait G, and control signals obtained from the gait, its trajectory, and the
associated emotions.

At each time step t, we model the pose graph of the input gait as a directed tree, as shown

in Figure 4.2. The root joint in the pose is the root node of the tree and the two toes, the two hand
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indices, and the head, are the leaf nodes the tree. All edges in the tree are directed from the root
node to the leaf nodes. We denote the parent of a joint j as P (j). In our construction, each joint
has a unique parent, except the root joint, which has no parent. We therefore assign P (j) = -1
for the root joint. For each joint j at each time step ¢, we consider the rotation R} € SO (3) that
transforms the joint from its offset o; € R3 — a pre-defined initial position relative to its parent
P (j) — to its position at time step t relative to its parent. That is, we consider the rotation R}
such that the global position th of the joint j at time step t is given by th = R}oj +X 1{:‘,(].). For the
root joint, we consider oy = 0 and obtain its position directly from the gait G.

Following the approach taken by Pavllo, Grangier, and Auli 2018, we represent these ro-
tations as unit quaternions or versors q} € H C R* where H denotes the space of versors.
We have chosen to represent rotations as versors, as they are free of the gimbal-lock problem.
We enforce the additional unit norm constraints for these versors when training our network.

Thus, for each gait, our input rotations are given as

T-1

{qtz [CI{;...;Q§—1] Eer_l}ho '

We do not consider g} for the root joint denoted by 0 as part of the input data, since og = 0.

4.3.2.2 Emotions

We note that the modeling of emotions is fundamentally different from modeling conventional
motion styles such as strutting, zombie-like, etc. These conventional styles can be considered
“discrete”, such that clips or images can be categorized as belonging to a particular style. Emo-

tions, on the other hand, span a continuous space (Mehrabian and Russell 1974), such that dif-
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ferent motion clips can have different intensities of the same emotion. For example, a somewhat
happy gait is expressed differently from one that is extremely happy. For conventional styles,
it is generally not needed to account for such intensities, e.g., slightly strutting vs. heavily
strutting. To account for this continuous nature, we assume each gait in the input dataset is
associated with an emotion vector whose components are the C categorical emotion terms, i.e.,
each emotion m is a vector in R€. In practice, the value of each element [/ in an emotion vector
m is the relative count of the number of annotators who labeled the corresponding gait with the
categorical emotion term [. Also, for training, and due to the practical limitations of separately
annotating the emotion at each time step, we repeat the same annotated emotion m in all the
time steps. In other words, we assume the emotion vector remains unchanged throughout the

corresponding input gait.

4.3.2.3 Pose Affective Features

Prior studies in psychology have shown that various physically-based pose features observed
per-frame during a gait, better known as affective features, aid the identification of perceived
emotions from gaits (Karg et al. 2013; Crenn et al. 2016). Roether et al. 2009 identified such a
set of necessary pose affective features for human perception. To make these features suitable
for machine perception, prior works such as (Randhavane et al. 2019a; Bhattacharya et al. 2020;
Bhattacharya et al. 2020) have come up with necessary sets of scale-independent pose affective
features that can be computed geometrically. Scale independence is an important factor in such
intra-frame affective features, as observers can identify emotions irrespective of the distance
from or the physical stature of the subject. In our work, we use the following three types of

scale-independent pose affective features to encode the relevant emotion information:

77



Angles. We use the angles subtended by a pair of joints at a third joint. For example, the angle
between the two shoulder joints at the neck measures slouching, an indicator of valence and

arousal.

Distance ratios. We use the ratios of the distances between two pairs of joints. For example,
the ratio of the distance between the two feet joints to the distance between the neck and the

root joints measures the stride, which can indicate arousal and dominance.

Area ratios. We use the ratios of areas formed by two triplets of joints. These can be considered
as amalgamations of the angle- and the distance ratio-based features and they can be used to
supplement observations from both these types of features. For example, the ratio of the area
of the triangle formed by the hand indices and the neck to the area of the triangle formed by
the toes at the root can be used to simultaneously measure arm swings and strides, which can
collectively indicate the valence, arousal, and dominance.

We use 11 angles, four distance ratios and three area ratios for a total of 18 pose affective
features, which we collectively denote as a’ € R!8 at each time step t. We list all these pose
affective features in Figure 4.2, and direct the interested reader to (Bhattacharya et al. 2020) for

a detailed analysis on choosing these features.

4.3.2.4 Movement Features

We use a trajectory followed throughout a gait to extract pertinent movement information for
our network to generate gaits following given trajectories. We use two kinds of movement fea-
tures: root joint features and stepping features. The former consists of root height deviation, root

speed (a low-pass filtered component), and root orientation difference trajectory curvature. The
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latter consists of stepping phase and foot-step frequency, which are obtained from the trajectory.
Figure 4.3 illustrates some of these features. Apart from movement information, the root joint
features and the foot-step frequency also provide inter-frame or dynamic affective information

for emotional expressions. We define these features below.

Root joint features. 'The root height deviation (ht) is the signed difference of the height of the
root joint from its mean height from the ground plane across the time steps. Subjects expressing
emotions with higher arousal tend to have their upper bodies more upright, thus keeping the
root height above the mean more often than subjects expressing emotions with lower arousal.
In our case, the XZ plane is the ground plane, making the root height A’ = y{.

The root speed (st) is the magnitude of the difference of the 2D position of the root joint,
as projected on the ground plane, between the current step ¢ and the previous step t — 1. Root
speed helps indicate the arousal as well, with higher arousal tending to result in faster speeds
more often. We represent the root speed as st = H [xé, z(ﬂ T [xé_l, zé_l} TH With root speed,
we also use its loss-pass filtered component 5¢. This reduces the high-frequency noise in the root
speed, which is especially useful when the network learns on trajectories with high curvatures.

The root orientation difference (5 t) is the angular difference between the root orientation

a! w.r.t. the world coordinates and the tangent 7/ to the 2D root joint positions [xé, 26] T on
the ground plane, w.r.t. the world coordinates at each time step t. We express the tangent using

. . T _ _11 T
forward difference, i.e., 7% = [x(’;, z(’ﬂ - [xé 1 zé 1} . Then we have

of = dang <[sin0zt,cos ozt]T T HTtH> , (4.1)
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where dang denotes the unsigned smaller angle between the unit vectors.

Stepping features. The trajectory curvature (Iit) is the norm of the second-order derivative of
the 2D positions of the root joint on the ground plane, or equivalently, the derivative of the root
joint tangents 7! on the ground plane. We compute this using forward difference as well, i.e.
=t =1

The stepping phase (f) represents the phases of the feet between the time steps where
they touch the ground. We consider a half-period to be the time from the instant of one foot
touching the ground, to the subsequent instant when the other foot touches the ground. Given
the half-periods, we define the stepping phase § at each time step t as follows. We assign a
phase #' = 0 when the left foot touches the ground and a phase #' = 7 when the right foot
touches the ground, filling in the intermediate phases through linear interpolation.

The foot-step frequency (wt) is the angular velocity of the foot joints. Apart from generat-
ing realistic walk cycles (the motion between ipsilateral footsteps), this feature also supplements
the root speed information to indicate the arousal in the emotions expressed by the gait. We
compute the foot-step frequency at each time step t as the difference between the phase at that

time step and the previous time step ¢ - 1, i.e. w! = §F - 71,

4.4 Conditional Autoregression

Given a sequence of values with some information content, the overall goal of autoregression is
to predict subsequent values in the sequence to maintain a similar information content (Lipton,
Berkowitz, and Elkan 2015). In our work, we use an autoregression network to encode gaits

with given emotions and predict subsequent gaits while maintaining the same emotions. Our
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Figure 4.4: Affective Gait Synthesis: Conditional Autoregression Network. Our network
takes in the joint rotations, input emotions as vectors consisting of probabilities for happy,
sad, angry, and neutral, pose affective features, and movement features and jointly maps them
to a latent representation space through the encoder. The predictor then takes in the latent
representations and predicts gaits for subsequent time steps that follow the input trajectory
while expressing the input emotions. The green boxes denote concatenation, and the cyan box
at the end of the predictor denotes normalization of the variables to versors.

network consists of an encoder followed by a predictor. The encoder takes in the joint positions
and rotations of the input gait for a number of time steps and extracts pose affective features
and root joint features from the input gaits. Next, it learns the encoding functions to jointly map
these extracted features, the corresponding input emotions, and the stepping features (such as
curvature and foot-step frequency) to latent representations.

The predictor learns to compute the inverse mapping from the latent representations to the
necessary affective and trajectory features and, by extension, the joint positions, and rotations,
in the subsequent time steps.

We train the encoder and the predictor in tandem, by adding the predictor’s output back
to the encoder’s input and advancing the temporal window of the encoder. We are able to
achieve emotional expressiveness by training our network with input gaits for different emo-
tions and forcing the network to learn to predict the corresponding pose affective features in

the prediction time steps from its latent representations. We simultaneously enforce a robust
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constraint on the network to adapt its trajectory features such that its predicted movements are
close to the corresponding movements in the ground truth. This enables the network to take
sharp turns and follow bends in the trajectory without smoothing out feet movements. Our
overall approach is shown in Figure 4.4. We now elaborate on the operations of the encoder

and the predictor.

4.4.1 Encoder

In the encoder, we separately combine our emotion vectors m with the pose affective features a’,

the stepping features consisting of [sin 6!, cos Qt} and w’, and the root joint features 5! and x!,
giving us input vectors ii = [at, m}T € R18+C and ié = [sin 0%, cos 0%, wt, st K1, m] T c R>*C,

We pass each of these inputs through a set of 3 fully connected layers, respectively, collec-
tively denoted as the functions FCepc, (-, ¢Fcenc1>  RTx(18+C) _y RTXH1 3nd FC,y, . (., ¢Fcenc2> :
RI*G+O) _y RTxH:, Here, H; and H; denote the number of hidden units in the last fully con-

nected layer in FCepc¢, and FCenc, respectively, and ¢pc . and ¢Fcencz denote the set of trainable

enc
parameters in the two sets of fully connected layers, respectively.

We combine the outputs of these fully connected networks to obtain intermediate repre-

sentations 'yt, i.e. we have

'Yt = [Fcencl (il, CbFCenCl) §Fcencz (iZ: CbFCenczﬂ (4.2)

where i = [iﬁ’,...,i{—lf and iy = [ig,...,ig—lf,

We then append +! separately to our input joint rotations g* and to the remaining root

joint trajectory features, h!, s’ and §!. We pass the appended rotation data through a GRU to
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obtain the latent representations g, i.e., we have

q = GRUyersors ([q§ 71, (bGRUversors) (43)

where
—Q=[fpu,flqi
- 7= [i(l),...,ﬂyT_l}T,

— GRUyersors : RTX(4(]—1)+H1+HZ) N RTXH3,

Hs is the number of hidden units in the final layer of the GRU, and
~ OGRU,epsors d€notes the trainable parameters in the GRU.
We also pass the appended root joint trajectory features through a fully connected layer
FCroot : RIT*G+Hi+H)=TxHy being the number of hidden units in the layer, to obtain the

latent representations Z, s, and 5. That is, we have

T
|:h, S, 5:| = FC1‘00t ([h> S; 5; 7] ’ (bFCroot) (44)

where
- h= [ho’---,hT_l]T, s= [so,...,sT‘l}T, J = [50’.”’5T—1}T’
~ @FC,, denotes the trainable parameters in the fully connected layer.

4.4.2 Predictor

Our predictor takes in the latent representations of the joint rotations and the root joint trajec-

tory features from the encoder and learns to predict the same for Tj,;¢q subsequent time steps
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such that the corresponding generated gaits follow the input trajectory while expressing the
input emotion vectors. The predictor consists of a set of 2 fully connected layers, denoted as
FCyersors : RT3 R Tprea x4(-1) predict the joint rotations, and three separate fully con-
nected layers, FCy, : RT*Hs _y RTpred FC, : RTxHs RIpred and FCy : RT*Hs _y RTpred tq

compute the respective root joint features. Thus, we have,

q = FCyersors (G PFCyepears ) - (4.5)
h=FC, (Z, ¢Fch> , (4.6)
s =FCs (5, ¢rc,) » (4.7)
5 = FCy (5, ¢FC5) (4.8)

where, as usual, OrC . 0rss PFC,» PFC,> and @pc; respectively denote the respective trainable
parameters.

From the predicted joint rotations and root joint features at each time step ¢, we can also
compute the predicted pose X* and the corresponding pose affective features af. We use these
predicted variables, together with the input data, to train our network according to a curriculum

schedule described in Section 4.5.3.

4.4.3 Loss Function for Training

We now describe the formulation of the loss function for training and validating our network.
The loss function should accurately constrain the network both to learn the emotional expres-
sions in the input gaits as well as to follow the gaits’ trajectories in the subsequent time steps

with plausible joint motions. We capture all these requirements in the loss function using four
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loss terms: the motion loss, the pose loss, the pose affective features loss, and the root joint

features loss.

4.4.3.1 Motion loss (L motion)

This loss ensures that the predicted joint motions remain plausible, i.e. close to the ground truth
joint motions. To compute this loss, we measure the angle difference between the ground truth
rotations g’ and the predicted rotations g on each joint at each prediction time step . We also
add the unit norm constraint on the predicted versors as regularization. Thus, we write the

motion loss as

~

Lmotion = Z Hqu <th> - q2e <‘A]]t> HZ + Aversor ( q; - 1>2 (4.9)

Jt

where q2e : H — [0, 2] maps the versors to corresponding Euler angles, and the summation

is over all the joints across all the prediction time steps.

4.4.3.2  Pose loss (L pose)

The pose loss supplements the motion loss by adding an extra regularization to maintain plau-
sible predicted joint motions. We require the predicted character poses X' at each prediction
time step, obtained using the predicted versors ?]Jt , to be as close as possible to the correspond-
ing ground truth poses X’. However, we do not require our predicted poses to follow the same
trajectory as the ground truth poses since the desired trajectory will be provided to us at test

time. We, therefore, subtract the root joint position from all the other joints at every time step
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and write our pose reconstruction loss Epose as
J-1 9
Loose = D 3 || (3 -x¢) - (% - %) [ (4.10)
t =1

4.4.3.3 Pose affective features loss (Eaﬂr>

This loss constrains the network to predict pose affective features similar to the ones computed
from the input gaits. Therefore, it forces the network to maintain the emotional expressions in
the gaits. We compute this loss by measuring the norm difference between the ground truth

affective features a’ and the predicted features a. We write it as

’ 2

(4.11)

Lag=Y o -at
t

4.4.3.4 Root joint features loss (L root)

This is a robust loss that we use to constrain the network to follow the ground truth gait trajec-
tory at the prediction trajectory. The robustness ensures that the prediction follows sharp turns
and bends in the trajectory without smoothing out the foot joint movements. We compute this
loss by measuring the L; norm difference between the ground truth root joint features A, s, and

0, and the predicted features iz, s, and ) given by our network. We write it as

Lroot = ; H [ht; st;5t] - |:ilt; Et;gt] Hl . (4.12)
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4.4.3.5 Foot contact loss (Eﬁ,ct>

We also require the generated characters to walk naturally without any foot sliding. Therefore,
we add a robust L1 norm loss to constrain the heel and toe positions of the generated character
to match the ground truth heel and toe positions. The robustness ensures that the prediction
follows sharp turns and bends in the trajectory without smoothing out the foot joint movements.

We write this loss as
PN AN
Lo = Z: H [0t 1t rit; ptt] - [lh 0Pkt e ] H1 . (4.13)

Finally, we linearly combine all these loss terms to formulate our overall loss function £,

which we write as

L = AmotionLmotion * )\poseﬁpose + AafLagr + ArootLroot + At ct Lt ct (4.14)

where Amotion> Aposes Aaff>s Aroot and Ag ¢ are the corresponding scaling terms and assign rela-

tive importance to the different loss terms.

4.5 Results

We show the performance of our autoregression network on the training dataset described be-
low. We briefly describe the training dataset in Section 4.5.1 and discuss our augmented dataset
in Section 4.5.2. We report our training routine in Section 4.5.3, elaborate on our performance
benchmarks in Sections 4.5.4 and 4.5.5, and discuss the contributions of our novel components

through ablation studies in Section 4.5.6. We summarize the details of integrating our setup
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with the AR environment in Section 4.5.7. For a video demonstration of the results, please refer

to our project website.

4.5.1 Dataset for Training

The datasets we use consist of temporal 3D pose sequences of human gaits for different types of
walking, running, and other locomotion activities. This dataset was collected from various 3D
pose sequence datasets, including BML (Ma, Paterson, and Pollick 2006), Human3.6M (Ionescu
et al. 2014), ICT (Narang et al. 2017), CMU-MoCap (CMU-MOCAP 2018), ELMD (Habibie et al.
2017), and Emotion-Gait dataset (Bhattacharya et al. 2020). All gaits in the dataset are 240 frames

4™ frame and used

long and playable at 10 fps. Due to memory constraints, we sampled every
the resultant 60 frames as input data to our network, i.e. we had T = 60 for all our data points.
In total, the dataset consists of 1, 835 gaits with corresponding emotion vectors available.

We used 80% of our gait dataset for training our network, 10% for validation, and kept the
remaining 10% of the dataset for testing the emotional-expressiveness and trajectory-following

performances. We performed this split randomly, and the network never sees the validation and

the test sets during training,.

4.5.2 Augmented Dataset: Synthesized Affective Gaits

At test time, our network is able to generate predicted gaits on trajectories it did not encounter
during training. Our network is also able to transition between different emotions on the test
gaits as a result of the learned inverse mapping from the latent representation space of the
encoder. We, therefore, use our network to augment synthesized gaits to the Emotion-Gait

benchmark datasets. We generate gaits on 20 trajectories not present in the dataset, with 100
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emotions, also not present in the dataset, on each trajectory, for a total of 2,000 new gaits.
We also perform transitions between 50 pairs of emotions on each trajectory, picking a pair of
emotions from the 100 novel ones without replacement, thus adding another 1,000 new gaits,

taking the total new gaits added to 5, 000.

4.5.3 Training Routine

We use the Adam optimizer (Kingma and Ba 2014) with a learning rate of 0.001, which we
decay by a factor of 0.999 at every epoch. We use the ELU activation (Clevert, Unterthiner, and
Hochreiter 2015) on all the fully connected layers in the network.

Similar to Pavllo, Grangier, and Auli 2018, we use a curriculum scheduling technique (Ben-
gio et al. 2015) to train our network. We begin training by presenting various sequences of the
input data and control features, each of length T, to our network, and the network predicts
the rotations and translations for a single subsequent time step. This is equivalent to having a
teacher forcing ratio of 1. At every subsequent epoch E, we decay the teacher forcing ratio by
3 = 0.995, i.e. with probability SE, we supplement the data and controls at each input time step
with the network’s predicted data and controls at that time step. In other words, we progres-
sively expose the network to more and more of its own predictions to make further predictions.
Curriculum scheduling thus helps the network gently transition from a teacher-guided pre-
diction routine to a self-guided prediction routine, which significantly speeds up the training
process.

We train our network for 500 epochs, which takes around 18 hours on an Nvidia GeForce
GTX 1080Ti GPU with 12 GB memory. We use 90% of the available data for training our network,

and validate its performance on the remaining 10% of the data. We also observed that our
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network performs well for any values of the scaling terms in Equation 4.14 between 0.5 and 2.0.

We used a value of 1.0 for all of the performances reported in our experiments in Section 4.5.4.

4.5.4 Performance Benchmarks

We note here that methods generating motions with discrete styles test generalizability by pro-
viding their network with novel discrete-style labels not seen during training (Mason et al. 2018;
Kfir et al. 2020), as opposed to ranges in the styles. Our network, on the other hand, learns the
mapping between gaits and the underlying continuous space of emotions, rather than the map-
ping between the gaits and annotated emotions in the training samples. As a result, we test
the generalizability of our network by generating gaits corresponding to continuous ranges of
emotion vectors not seen during training. In order to benchmark our network on its ability to
generalize to these continuous ranges of emotions, we perform experiments on emotion expres-

siveness and emotion transitions.

4.5.4.1 Emotion Expressiveness

We randomly pick gaits from the test set and extract the first 18 frames (%rd of the total data
length) to provide as inputs to our network. We set the associated emotion vector of the input
gait as the desired emotion, initially set a straight line as the desired trajectory, and predict for
200 time steps. Figure 4.6 (top row) shows some snapshots of the results of this evaluation. Next,
we evaluate our method on trajectories with bends and sharp turns for 200 steps (Figure 4.6,
middle row). We note that the generated gait maintains the emotion of the input, and follows
all the trajectories. For example, the gait slows down while taking sharp turns and adjusts its

stride and other joint movements such that the affective features remain similar when walking
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grees. The performance of our method is on par with Figure 4.5: Affective Gait Synthe-

generation time for emotive

the current state-of-the-art in motion generation. sis: Running Time. We high-

light the generation and rendering
Method Pose Error Rotation Error time for affective gaits on a pair of
PENN (Holden, Komura, and Saito 2017) 0.19 0.06 GPUs. The average time per agent
QuaterNet (Pavllo, Grangier, and Auli 2018) 0.16 0.05

per frame decreases, as we increase
the number of virtual agents.

Affective Gaits 0.12 0.04

on a path with bends and sharp turns.

4.5.4.2 Emotion transitions

In this set of evaluations, we modify the desired emotion at each prediction time step to be
different from those in the previous time steps, as well as the emotion vector associated with
the input gait. To track the performance of our network, we first choose a particular emotion
vector for the final prediction time step. Next, we linearly interpolate the value of each element
of the emotion vector at each prediction time step separately, including everything from the
input vector to the vector at the final time step. We normalize the vector at each time step to
convert the values to a probability distribution that can be passed to our network. We test the
results of emotion transition on trajectories with bends and turns for 200 time steps (Figure 4.6,
bottom row). We observe that our network is able to smoothly transition between the different

emotions, with no sharp limb movement or jarring action at any time step.
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Figure 4.6: Affective Gait Expressions and Transitions. Each row shows four snapshots of
synthesized gaits in temporal sequence from left to right. The top two rows show gaits with
single emotions. The bottom row shows gaits transitioning from one emotion to another.

4.5.5 Comparisons with Motion Generation

We visually compare the performance of our autoregression network with QuaterNet developed
by Pavllo, Grangier, and Auli 2018 in Figure 4.7 (rows (a) and (b)). QuaterNet is a state-of-the-
art motion prediction network, and our network builds on the core prediction framework of
QuaterNet. Since QuaterNet performs motion prediction but not emotional expressiveness, the
gaits are not able to express the different emotions.

We also summarize the mean pose errors relative to the scale of the input data and the
joint rotation errors in degrees as they are produced by our method, QuaterNet, as well as pre-

diction networks based on alternative approaches such as the phase-functioned neural network
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(PENN) (Holden, Komura, and Saito 2017) in Table 4.1. We keep the desired emotion for our
network the same as the input emotion vector to perform a fair comparison. We also require
ground truth gaits to be available so the prediction time steps can actually compute these er-
rors. Therefore, we present the first 18 frames of each data point in the test set as inputs to
both the methods and compute their predicted motions on the trajectory of the ground truth
data for the remaining 42 frames. We notice negligible differences between the performances
of the two networks, showing that our approach is comparable to the state-of-the-art in motion
prediction. However, for predicting motion beyond the 60 frames in the dataset, we noticed
that the motions predicted by QuaterNet eventually reduce to no movement and the character
comes to a stop, whereas both PFNN and our method can predict plausible motions for up to
200 prediction steps.

Thus, while current motion generation methods can produce highly realistic gaits for VAs,
our method can additionally produce emotional expressiveness for those gaits. Therefore, our
method helps improve the social presence of the VAs in an AR environment, as we observe

through user evaluations in Section 4.6.

4.5.6 Ablation Studies

We have two main contributions to the design of our autoregression network. First, we provide
the pose affective features as part of the input and constrain the predicted pose affective fea-
tures to remain close to the corresponding ground truth during training through the affective
loss L,¢ (Equation 4.11). This enables our network to achieve emotional expressiveness and
emotion transition on the input data. We, therefore, remove this input component and the cor-

responding loss function from our network and the training process and compare the results
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Figure 4.7: Affective Gait Synthesis: Qualitative Comparisons and Ablation Studies.
Snapshots of gaits in temporal sequence from left to right, as generated by (a) our network us-
ing input emotion labels and following user-driven trajectories, (b) QuaterNet (Pavllo, Grangier,
and Auli 2018), which has no emotive component, (c) our network without the affective feature
component, resulting in gaits that follow the user-driven trajectories but have no emotional
expressions (e.g., no shoulder slouching to indicate sadness), and (d) our network without the
movement feature component, resulting in affective gaits that do not follow the desired trajec-
tory.

on the experiments described in Sections 4.5.4.1 and 4.5.4.2. We observe (Figure 4.7, rows (c)
and (d)) that the ablated network does not maintain consistent pose affective features across
the prediction time steps for the desired emotion.

Second, our network predicts the root joint features, consisting of the root height, the root
speed, and the root orientation difference (as detailed in Section 4.3.2.4) alongside the predictions
for the joint rotations. To ensure that the predicted motion follows the desired trajectory, we
constrain these predicted root joint features to remain close to the corresponding ground truth
during training through the root joint loss function Lyoot (Equation 4.12). To underscore the
importance of this loss function, we remove it from our training and perform the experiments

described in Section 4.5.4.2 on the ablated network. We notice (Figure 4.7, rows (c) and (e))
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that the ablated network is not able to follow the desired trajectory. For linear trajectories, the
predicted gaits often end up being oriented in arbitrary directions and not facing the direction
of motion. For trajectories containing bends and turns, once the predicted gaits deviate from
the desired trajectories, the ablated network is not able to reduce the deviations in subsequent

prediction time steps.

4.5.7 Integration with the AR Environment

Our generative method can generate animation frames at the interactive rate of 40 ms per frame
for 10 agents in an AR environment (Figure 4.5), i.e., at 4 ms per agent per frame on average,
when utilizing two Nvidia GeForce GTX 1080Ti GPUs. We built the realtime AR demo by rig-
ging the generated skeletons to humanoid meshes, modifying the posed meshes to handle minor
visual distortions caused by body shape mismatch, and streaming a virtual environment con-

taining the animated characters to the Microsoft Hololens.

Rigging. Rigging the humanoid meshes to the generated skeletons requires that the rest pose
of the generated skeleton is not modified to accommodate the desired mesh, as this would inval-
idate the rest of the animation. Thus, the rigging process must be done in reverse; the desired
meshes must already contain a skeleton that allows us to repose it to meet the rest pose of
the generated skeletons. We found free meshes with suitable skeletons from online 3D mesh
databases. For the demo, we chose a humanoid stick figure and some humans from the Microsoft

Rocketbox collection (Gonzalez-Franco et al. 2020). We performed the rigging in Blender 2.7.

Modifications To Rig. Due to the body shapes of our desired meshes not exactly matching that
of the people used to generate the original dataset, we use Blender’s sculpt tools to iron out any
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distortions. In order to make the human meshes seem less synthetic, we used the original face
bones in the meshes to create blendshapes such as blinking, breathing (mouth), and breathing
(chest), which we activated at regular intervals. These blendshapes represent typical human
behaviors independent of bodily animations. Our generated skeletons do not contain facial

bones, thus, blendshapes are a good option for animating the face without requiring bones.

AR Implementation. We made the realtime AR demo in Unreal 4.24 due to its strong animation
system allowing trivial sharing of animation files between meshes. We created An environ-
ment in which we show pairs of animations of specific emotions, human or stick figure, with
the meshes approximately walking along the real ground. We used the Unreal Hololens plu-
gin to stream the rendered images directly to the Hololens through the Hololens’ Holographic
Remoting player, which receives images by listening on a specific IP address. Due to the start
position of the user being non-deterministic, we also provide key inputs to reposition the an-
imated characters in front of wherever the user is when the key is pressed. The animations
loop in order to make it easier for the user to determine differences in gaits and the stick figure

characters are given colored materials matching their emotion.

Animation artifacts. We observe some jerkiness in the animation of the human characters in
AR. The major sources of this jerkiness are (i) jerky motion of the user wearing the HoloLens,
(ii) issues in the HoloLens software, e.g., frame rate clipping, and (iii) using textures instead of
deformable cloth materials for the low-poly human models, which makes the jerkiness more
apparent due to aliasing. We observe much-reduced jerkiness for the textureless stick figures

in AR, and almost none when rendering the stick figures in a purely virtual environment with
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Table 4.2: Affective Gait Synthesis: Likert Scale Descriptions for the User Study. The
Likert scale response categories we provided users for the four broad observed pose affective
features. Our goal is to evaluate if different users find the Likert scale values of these features
similar for the same emotion, which would indicate these features are relevant for perceiving
the emotions.

Feature Likert Scale Response Categories
Value = 0 Value = 1 Value = 2 Value = 3 Value = 4
Contracted, Somewhat Neither Somewhat Expanded,
Torso contracted nor
bowed contracted expanded stretched
expanded
Contracted, Somewhat Neither Somewhat Expanded,
Arms close to the contracted contracted nor expanded away from the
body expanded P body
. Sustained, Somewhat Nélther Somewhat Hurried,
Gait Pace . . sustained nor .
leisurely, slow sustained ] hurried sudden, fast
hurried
Gait Flow Free, relaxed, Somewhat fr Neither free nor Somewhat Bound, tense,
att tlo uncontrolled omewhat tree bound bound controlled

a known ground plane.

4.6 User Evaluation

We conducted a web-based user study with our generated affective gaits to test the following
null hypothesis:
The emotion vector used as input to generate each gait, and the emotion vector obtained by taking
the arithmetic mean of the emotion vectors perceived by all the users from that generated gait, are
two samples of the same statistical distribution.

In other words, the distribution of emotions we intend for a generated gait is statistically
similar to the distribution of emotions perceived by the observing users. We also obtain the val-
ues of the pose affective features observed by the users from the generated gaits on a five-point

Likert scale (LS) to validate our choice of pose affective features and emotional expressiveness
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of the VAs in Section 4.3.2.3.

4.6.1 Procedure

The study was divided into three sections. Each section took three to four minutes to complete
on average, and the entire study lasted for around ten minutes on average.

In the first section, we showed the users ten-second clips of eight randomly chosen gen-
erated gaits, one at a time, and asked them to report the emotion they perceived from each of
those gaits. Users could report multiple emotions. For example, if one gait looked less happy to
the user than another (but not necessarily sad), then the user could potentially mark that gait
as both happy and neutral.

In the second section, we again showed the users ten-second clips of six randomly chosen
generated gaits, one at a time. However, in this section, we performed emotion transitions on
the generated gaits, so the final emotions were different from the initial ones. We asked the users
to report the initial and the final emotions they perceived from these gaits, with the option to
report multiple emotions.

In the third section, we showed the users ten-second clips of the same eight generated gaits
from the first section, one at a time, and asked them to report the observed values or intensities
of four broad pose affective features on a five-point LS. The four pose affective features we
chose to ask are inspired by the critical features identified in the study by Roether et al. 2009.

We summarize the scales for each of the four features in Table 4.2.
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Table 4.3: Affective Gait Synthesis: 2-Sample Anderson-Darling Test Statistics. Based
on the statistics, we are unable to reject the null hypothesis that the intended and perceived
emotions of the gaits are samples from the same probability distribution, except for the case of
Gait 2.

Gait # Value of Statistic p-value Reject Null Hypothesis?

1 0.311 > 0.25 Not able to
2 2.111 0.04 With 96% confidence
3 0.311 > 0.25 Not able to
4 -0.615 > 0.25 Not able to
5 -0.615 > 0.25 Not able to
6 -0.611 > 0.25 Not able to
7 -0.069 > 0.25 Not able to
8 -1.081 > 0.25 Not able to

4.6.2 Participants

Since affect understanding is influenced by numerous social and cultural factors, we invited
participants from diverse demographics to draw useful conclusions. We had 102 participants in
total, of which 58 were male and 44 were female. 31 male and 26 female participants were in the
age group of 18-24. 25 male and 14 female participants were in the age group of 25-34. 2 male
and 4 female participants were above 35. Based on the overall test statistics, we did not find any
noticeable difference in the emotions perceived from the generated gaits across the different

sexes and age groups.

4.6.3 Analysis

We analyze the results on single emotions, emotion transition, and pose affective features. Fi-

nally, we report the perceived naturalness of the gaits by the users and miscellaneous analyses

in “other feedback”.
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4.6.3.1 Single Emotions

Given the perceived emotions from the first section of the user study, we plot the normalized
perceived emotions for eight randomly chosen gaits, as well as the corresponding normalized
intended emotions of the generated gaits, in Figure 4.9. The emotions are denoted as four-
component vectors as described in Section 4.3.2.2. We perform /; normalization so that each
component of the emotion vector represents the intensity of the corresponding emotion.

For each gait, we perform the 2-sample Anderson-Darling test (Scholz and Stephens 1987)
on the null hypothesis that the set of probability values of the perceived emotions and the set
of probability values of the intended emotions are samples of the same underlying distribution.
Table 4.3 summarizes the test statistic and the corresponding p-values for each of the eight gaits
in Figure 4.9.

As we can observe from Table 4.3, we cannot reject our null hypothesis for seven of the
eight gaits. This suggests strong statistical evidence that the intended and perceived emotions
are statistically similar for those seven gaits. In Gait 2, where we reject the null hypothesis,
the intended emotion was fully happy, but the observers mainly perceived it as either happy or

neutral, indicating that the intensity of happiness did not come across to some of the observers.

4.6.3.2 Emotion Transition

We performed a similar 2-sample Anderson-Darling test (Scholz and Stephens 1987) for each
of the initial and the final intended and perceived emotions, and were unable to reject the null
hypothesis in 10 out of the 12 gaits we tested with. This again provides strong statistical evi-

dence that the intended emotions for the gaits and the corresponding perceived emotions are

100



00
. II. . II
00 .-_ — . — | == I

§ Ill ll lI
00 — — - ._ |

Neutral

HEN.. [ - — m —
2 3 4 0 1 2 3 4 0 1 2 3 4 0 1 2 3 4

00 =—
0o 1

Torso Arms Gait Pace Gait Flow

Figure 4.8: Affective Gait Synthesis: Per-
ceived Affective Features from the User
Study. We can observe different distinct
modes for the different emotions, indicating
that the pose affective features vary between
different emotions and are consistent across
users for a given emotion. The values in the
horizontal axis correspond to the Likert scale
values in Table 4.2.
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Figure 4.9: Affective Gait Synthesis: Per-
ceived Emotions from the User Study. As
we can observe from the plots and the statis-
tics in Table 4.3, except for Gait 2, the intended
and perceived emotions of the gaits cannot
be determined to belong to separate statisti-
cal distributions.

In one rejected case, the initial emotion was predominantly angry while the final was

predominantly happy, but many observers indicated that both the initial and the final emotions

were neutral. In the other case, the transition was from predominantly sad to predominantly

happy, but many observers reported the gait to be going from sad to neutral. We hypothesize

two possibilities for the mismatches:

« the intensities of the initial and final emotions did not come across in the generated gaits,

« the observers did not expect the gait to transition between extreme emotions such as

angry to happy or sad to happy in the ten-second span of the clip, hence opted for choices



they found more reasonable.

4.6.3.3 Pose affective features

Our goal here is to validate the usefulness of the pose affective features we use to train our
network, as well as the emotional expressiveness of the VAs through these pose affective fea-
tures. However, evaluating the values of angles and ratios is out of scope for a user-study.
We, therefore, opted to measure the user-observed LS values or intensities of the broad pose
affective features that we used to formulate our geometric features. A good test is to verify if
the observed intensities of these broad pose affective features are statistically consistent across
different users. If this is verified, it justifies

« basing the geometric features on these broad features,

« the VAs are able to clearly express the different emotions through different LS values of

the pose affective features.

We show the distribution of the fraction of users that marked each particular intensity
of the four broad pose affective features for each of the single intended emotions in our study
in Figure 4.8. The values in the horizontal axis correspond to the LS values in Table 4.2. From
this figure, we can observe different distinct modes in the distribution for the different intended
emotions. For example, the mode for the torso is at “contracted, bowed” (0) for sad, while it is
concentrated more around “somewhat expanded” (3) and “expanded, stretched” (4) for happy.
For angry, the users observed it to be less expanded than happy overall, but less than 10% found
it to be contracted. For neutral, there is a clear mode at “neither contracted nor expanded” (2).
These statistics show that the users perceived the VAs to have clear preferences of the different

intensities of the pose affective features when expressing different emotions.
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We also perform a k-sample Anderson-Darling test 4.3 for each gait and each of the four
broad affective features (and k being the number of users) on the null hypothesis that all the user-
provided values are from the same underlying distribution. We fail to reject the null hypothesis
for all the four broad features in all the gaits, thus indicating strong statistical evidence that the

observed intensities are consistent across different users.

4.6.3.4 Other Feedback

We asked the users to mark out of five how natural and smooth they felt the animations to be,
with one indicating “not natural at all”, three indicating “satisfactory”, and five indicating “very
natural”. To establish a baseline, we asked the users to similarly marking the corresponding
source motions as well. For our generated animations, 22% of the users marked five, 43% marked
four, 24% marked three, 7% marked two, and 4% marked one. Thus 89% of the users marked at
least three, i.e., found the naturalness in the generated gaits to be satisfactory. By contrast, for
the source motions, 58% of the users marked five, 35% marked four, and 7% marked three.

In the videos we sent out to the users, we used a moving camera so that the user was
always looking straight at the virtual agent as it walked on different trajectories. 30% of the
users reported being distracted by this moving camera during the study. Therefore, we plan to

use a fixed camera in our subsequent studies.

4.7 Conclusion

To the best of our knowledge, we have presented the first method to synthesize and transition
between gaits with affective expressions. Our emotion model is based on a linear combination of

four widely-used categorical emotions and we present a network architecture that uses affective
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features and movement features. Our algorithm can generate affective gaits that follow a given
trajectory at interactive rates and develops a transition scheme to switch between gaits with
different emotions. We have shown the results on gaits collected from open-source datasets
and discussed our procedure for developing VAs with these gaits in an AR environment. We
have also reported our observations from a web-based user study to conclude that our generated
gaits looked natural, as well as had the desired emotional expressiveness. Lastly, we release an

augmented dataset of affective gaits.

104



CHAPTER B

Affective Co-Speech Gesture Synthesis Using Transformers

Project Website: https://gamma.umd.edu/t2g

Abstract

We present Text2Gestures, a transformer-based network that interactively generates emotive
gestures for virtual agents corresponding to natural language text inputs. Our approach is de-
signed to generate emotionally expressive gestures by utilizing the relevant biomechanical fea-
tures for body expressions, also known as affective features. We also consider the intended task
corresponding to the text and the target virtual agents’ intended gender and handedness in our
generation pipeline. We train and evaluate our network on the MPI Emotional Body Expres-

sions Database and observe that our network produces state-of-the-art performance in generat-

105



ing gestures for virtual agents aligned with the text for narration or conversation. Our network
can generate these gestures at interactive rates on a commodity GPU. We conduct a web-based
user study and observe that around 91% of participants indicated our generated gestures to be
at least plausible on a five-point Likert Scale. The emotions perceived by the participants from
the gestures are also strongly positively correlated with the corresponding intended emotions,

with a minimum Pearson coeflicient of 0.77 in the valence dimension.

5.1 Introduction

As the world increasingly uses digital and virtual platforms for everyday communication and
interactions, there is a heightened need to create highly realistic virtual agents endowed with so-
cial and emotional intelligence. Interactions between humans and virtual agents are being used
to augment traditional human-human interactions in different applications, including online
learning (Li et al. 2016; Liao et al. 2019; Simeone et al. 2019), virtual interviewing and counsel-
ing (Baur et al. 2013; DeVault et al. 2014), virtual social interactions (Roth et al. 2016; Heidicker,
Langbehn, and Steinicke 2017; Latoschik et al. 2017), and large-scale virtual worlds (Oculus
2019). It is well-known that human-human interactions rely heavily on a combination of ver-
bal communications (the text), inter-personal relationships between the people involved (the
context), and more subtle non-verbal face and body expressions during communication (the
subtext) (Matsumoto, Frank, and Hwang 2012; Knapp, Hall, and Horgan 2013). While context
is often set at the beginning of interactions, it is important for virtual agents in social VR ap-
plications to be able to align their text with their subtext throughout the interaction, thereby
improving the sense of presence of the human users in the virtual environment. Gesticulation
is an integral component in subtext, where patterns of movement for hands, arms, heads, and
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Figure 5.1: Text2Gestures: Overview. Our method generates emotive gestures for virtual
agents that are aligned with sentences of natural language text (shown in blue). The intended
emotions are labeled in green. The gestures follow the gender and handedness of the virtual
agent. The top row shows gestures during a conversation in a virtual chat environment. The
bottom row shows the gestures generated as the virtual agent narrates lines from a story. In
each case, the columns show snapshots from a particular gesture sequence. We observe that the
virtual agents express the intended emotions based on the text and the context.

torsos are used to convey a wide range of intent, behaviors, and emotions (McNeill 1992). In
this work, we investigate the problem of aligning emotionally expressive gestures with the text
to generate virtual agents’ actions that result in natural interactions with human users.
Current game engines and animation engines can generate human-like movements for
virtual agents, including head poses, hand gestures, and torso movements (Starke et al. 2019;
Alexanderson et al. 2020). However, aligning these movements with a virtual agent’s associated
speech or text transcript is more challenging. Traditional approaches such as hand-crafting ani-
mations or collecting and transferring context-specific gestures through rotoscoping or motion
capture look natural (Neff et al. 2008; Wagner, Malisz, and Kopp 2014), but need to be manu-
ally designed for every new gesture. On the other hand, virtual agents performing live social
interactions with humans in VR need to adapt their gestures to their words and current social

context in real-time. As a result, prior approaches based on pre-generated animations or motion
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specifications are limited, and we need new interactive methods to generate plausible gestures.

The majority of the current approaches for speech-aligned gesture generation learn map-
pings between speech signals and gesture sequences to produce state-of-the-art gestures (Kucherenko
et al. 2019; Alexanderson et al. 2020). In contrast to these speech-based methods, our goal is to
align the gestures directly with the natural language text transcripts. This eliminates the need
to have speeches pre-recorded by humans or machines, which have a higher production cost.
Prior works on generating gestures aligned with text (Yoon et al. 2019) have leveraged the well-
known sequence-to-sequence modeling network, which is efficient at performing a variety of
sequence-to-sequence prediction tasks. However, these methods have only considered arms and
head motions and are limited to producing small variations in simple emotions such as happy,
angry, and sad, in their generated gestures.

However, it is evident that emotional expressiveness adds to the realism of virtual agents,
as evidenced by works on adding emotions through facial and vocal expressions (Ferstl and
McDonnell 2018a; Sohn et al. 2018), and are therefore important to generate. Studies in psy-
chology show that body expressions also contain useful cues for perceived emotions (Argyle
2013), and often help disambiguate the emotions perceived from facial and vocal cues (Aviezer,
Trope, and Todorov 2012). These body expressions are known to be composed of biomechanical
features known as affective features. Commonly known affective features include, among others,
the rate of arm swings, stride lengths, shoulder and spine postures, and head jerks (Karg et al.
2013). More recent approaches for generating virtual agents with gait-based body expressions
have leveraged the relevant gait-based affective features to improve the perceived naturalness
of the animations (Randhavane et al. 2019c; Bhattacharya et al. 2020).

In this paper, we aim to generate body gestures for virtual agents in social VR settings
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while they follow sentences of text, to either narrate content to human participants or continue
a conversation with human participants. We use affective features to make the gestures emo-
tionally expressive, such that the human participants can perceive appropriate emotions from
the virtual agents based on the natural language text.

Main Results: We present an end-to-end trainable generative network that produces emotive
body gestures aligned with natural language text. Our approach is designed for interactive
applications where a virtual agent narrates a line or takes part in a conversation. To this end,
we make use of the transformer network (Vaswani et al. 2017), and extend current approaches
to work with gestures for virtual agents in 3D. We also adapt the gestures based on narration or
conversation and the intended gender and handedness (dominance of left-hand or right-hand
in gesticulation) of the virtual agents. We also make the gestures emotionally expressive by
utilizing the relevant gesture-based affective features of the virtual agents.

To summarize, the novel components of our work include:

« A transformer-based network that interactively takes in text one sentence at a time, and
generates 3D pose sequences for virtual agents corresponding to gestures aligned with
that text.

+ Conditioning the generation process to follow the intended acting task of narration or
conversation and the virtual agents’ intended gender and handedness.

+ Considering the intended emotion in the text to generate emotionally expressive gestures.

« A web study with 600 total responses to evaluate the quality of our generated gestures
compared to motion-captured sequences and the emotional expressiveness of our gener-

ated gestures.
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Based on our experiments, we find that our network has state-of-the-art performance for
generating gestures aligned with text compared to ground truth sequences in a large-scale mo-
tion capture database. We can generate these gestures at an interactive rate of 312.5 fps using
an Nvidia GeForce GTX 1080Ti GPU. Based on our user study, we also find that the emotions
perceived by the participants from the gestures are strongly positively correlated with the cor-
responding intended emotions of the gestures, with a minimum Pearson coefficient of 0.77 in
the valence dimension. Moreover, around 91% of participants found our generated gestures are

plausible on a five-point Likert Scale.

5.2 Related Work

This section summarizes studies that explored how different emotions are expressed through
and perceived from body gestures and how they have been utilized in previous work on gener-
ating emotive virtual agents.

We also review prior work on generating human body gestures in graphics and VR, par-
ticularly those that align the gestures with speech and text content. We focus mostly on data-
driven approaches here because our work is based on similar ideas, and refer the interested
reader to the extensive survey of Wagner, Malisz, and Kopp 2014 for the more classical rule-
based approaches. The main limitation of such rule-based approaches is that their range of
gestures is confined to the designed set of gestures. Hence, they require that gestures for every

novel speech and text inputs are manually designed.
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5.2.1 Expressing and Perceiving Emotions via Gestures

Studies in psychology show that body expressions, including gestures, are better suited than
facial and vocal cues to express and perceive emotions varying in arousal and dominance,
such as anger, relief, fear and pride (De Gelder 2006; Gross, Crane, and Fredrickson 2012).
Body expressions are also useful for disambiguating between pairs of emotions such as fear
or anger (Meeren, Heijnsbergen, and Gelder 2005a), and fear or happiness (Stock, Righart, and
De Gelder 2007). Follow-up studies in affective computing (Kleinsmith and Bianchi-Berthouze
2013; Karg et al. 2013; Castillo and Neff 2019) have identified sets of biomechanical features,
known as affective features, on which human observers focus when perceiving these different
emotions from gestures. For example, rapid arm swings can indicate anger, an expanded upper
body can indicate pride, and slouching shoulders can indicate fear or sadness.

In our work, we use a set of these affective features observable from gestures to improve

our generated virtual agents’ emotional expressiveness.

5.2.2 Generating Emotive Virtual Agents

Current approaches to endow virtual agents with emotional expressiveness make use of a num-
ber of modalities, including verbal communication (Chowanda et al. 2016; Sohn et al. 2018), face
movements (Karras et al. 2017; Ferstl and McDonnell 2018a), body gestures (Jaques et al. 2016),
and gaits (Randhavane et al. 2019c¢). In the context of generating emotional expressions aligned
with speech, Chuah, Rossen, and Lok 2009 leveraged a dataset of words mapped to emotive
facial expressions to generate virtual agents with basic emotions automatically. DeVault et al.

2014 developed a full-fledged virtual human counselor, using a pre-built corpus of mappings be-
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tween mental states and body expressions to make their virtual agent appropriately expressive.
In contrast to these approaches, we build a generalizable data-driven mapping to body gestures
from a more diverse range of intended emotions associated with text transcripts, such that we

can generate appropriately expressive gestures for novel, out-of-dataset text sentences.

5.2.3 Generating Gestures Aligned with Speech and Text

There has been extensive deep-learning-based work on generating human body gestures that
align with speech content in the recent past (Chiu, Morency, and Marsella 2015). Levine et al.
2010 used a hidden Markov model to learn latent mappings between speech and gestures. Hasegawa
et al. 2018 used recurrent neural networks to predict 3D pose sequences for gestures from input
speech. More recently, Kucherenko et al. 2019 trained autoencoders to learn latent representa-
tions for the speech and the gesture data and then learned mappings between the two to generate
gestures that are less sensitive to noise in the training data. In a different approach, Alexander-
son et al. 2020 learned invertible sub transformations between speech and gesture spaces to
stochastically generate a set of best-fitting gestures corresponding to the speech. Other ap-
proaches have also incorporated individual styles into gestures (Ginosar et al. 2019), added
multiple adversarial losses to make the generated gestures look more realistic (Ferstl, Neff, and
McDonnell 2019), and even added rule-based prototypical behaviors such as head nods and
hand waves based on the discourse (Sadoughi and Busso 2019). This has culminated into works
such as generating gestures for multiple speakers through style-transfer (Ahuja et al. 2020), and
semantic-aware gesture generation from speech (Kucherenko et al. 2020).

Our approach is complementary to these approaches in that we learn mappings from the

text transcripts of speech to gestures. This eliminates the noise in speech signals and helps us
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focus only on the relevant content and context. Learning from the text also enables us to focus
on a wider range of gestures, including iconic, deictic, and metaphoric gestures (McNeill 1992).
Our work is most closely related to that of Yoon et al. 2019. They learn upper body gestures
as PCA-based, low-dimensional pose features, corresponding to text transcripts from a dataset
of TED-talk videos, then heuristically map these 3D gestures to an NAO robot. They have also
followed up this work with generating upper-body gestures aligned with the three modalities
of speech, text transcripts, and person identity (Yoon et al. 2020). On the other hand, we learn to
map text transcripts to 3D pose sequences corresponding to semantic-aware, full-body gestures
of more human-like virtual agents using an end-to-end trainable transformer network, while

also blending in appropriate emotional expressiveness.

5.2.4 Generating Stylistic Human Body Motions

Generating speech- or text-aligned gestures with emotional expressiveness can be considered
a sub-problem in generating stylistic human body motions, including facial motions, head mo-
tions, and locomotion. Existing approaches on face motions include generating lip movements
and other face-muscle motions aligned with speech, using either recurrent neural networks (Suwa-
janakorn, Seitz, and Kemelmacher-Shlizerman 2017) or convolutional networks (Ferstl and Mc-
Donnell 2018a). Methods for generating head motions that convey the pace and intensity of
speech have explored neural network architectures based on autoencoders (Greenwood, Lay-
cock, and Matthews 2017) and generative adversarial networks (Sadoughi and Busso 2018).
Methods to generate stylistic locomotion are based on convolutional networks (Holden, Saito,
and Komura 2016), parametric phase functions (Holden, Komura, and Saito 2017), and deeply

learned phase functions (Starke et al. 2019) for different styles of walking. Recent approaches

113



have also incorporated gait-based affective features to generate emotionally expressive walk-
ing (Randhavane et al. 2019a; Bhattacharya et al. 2020). Moreover, there has been considerable
progress in generating person images and videos of body motions based on textual descriptions
of moments and actions (Li et al. n.d.; Zhou et al. 2019).

In contrast, we aim to generate emotionally expressive gestures at interactive rates that
correspond to text sentences. The space of gesture motions we explore is also different from
the space of motions corresponding to locomotion, head motions, or facial muscle motions.
Although there is some overlap with the space of head motions (Greenwood, Laycock, and
Matthews 2017; Sadoughi and Busso 2018), the corresponding methods have not been extended

to deal with full-body motions.

5.3 Transforming Text to Gestures

Given a natural language text sentence associated with an acting task of narration or conversa-
tion, an intended emotion, and attributes of the virtual agent, including gender and handedness,
our goal is to generate the virtual agent’s corresponding body gestures. In other words, we aim
to generate a sequence of relative 3D joint rotations Q* underlying the poses of a virtual agent,
corresponding to a sequence of input words VW, and subject to the acting task A and the intended
emotion E based on the text, and the gender G and the handedness H of the virtual agent. We
therefore have

oF = arngXProb [Q|W;A, E, G, H} ) (5.1)
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5.3.1 Representing Text

Following standard practices in NLP tasks, we represent the word at each position s in the in-

put sentence W = |y, . 4 , with Tgen being the maximum sentence length,

Wien
using word embeddings ws € R3%. We obtain the word embeddings using the GloVe model
pre-trained on the Common Crawl corpus (Pennington, Socher, and Manning 2014). We opt for
GloVe based on our preliminary experiments, where it marginally outperformed other similar-
dimensional embedding models such as Word2Vec (Mikolov et al. 2013) and FastText (Bojanowski
et al. 2017), and had similar performance as much higher dimensional embedding models, e.g.,

BERT (Devlin et al. 2019). We demarcate the start and the end of sentences using special start

of sequence (SoS) and end of sequence (EoS) vectors that are pre-defined by GloVe.

5.3.2 Representing Gestures

Following prior works on human motion generation (Pavllo, Grangier, and Auli 2018), we rep-
resent a gesture as a sequence of poses or configurations of the 3D body joints. These include
body expressions as well as postures. We represent each pose with quaternions denoting 3D
rotations of each joint relative to its parent in the directed pose graph (Figure 5.2). Specifi-

cally, at each time step t in the sequence Q = Qo G , with Tges being the

nges
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body and arms close to the body. Our algo-

rithm uses these characteristics to generate

the appropriate gestures.

maximum gesture length, we represent the pose using flattened vectors of unit quaternions
T
q = [ . qJTt . ] € HJ. Each set of 4 entries in the flattened vector q:, represented as
gj,+» is the rotation on joint j relative to its parent in the directed pose graph, and J is the total
number of joints. We choose quaternions over other representations to represent rotations as
quaternions are free of the gimbal lock problem (Pavllo, Grangier, and Auli 2018). To demarcate
the start and the end of each gesture sequence, we define our own start of sequence (SoS) and
end of sequence (EoS) poses. Both of these are idle sitting poses with minor differences in the

positions of the end-effector joints, the root, wrists and the toes.
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5.3.3 Representing the Agent Attributes

We categorize the agent attributes into two types: those that depend on the text to which the

gesture is to be aligned, and those that depend on the virtual agent to be animated.

5.3.3.1 Attributes Depending on Text

In this work, we consider two attributes that depend on text, the acting task, and the intended

emotion.

Acting Task. We consider two acting tasks, narration and conversation. In narration, the agent
narrates lines from a story to a listener. The gestures, in this case, are generally more exagger-
ated and theatrical. In conversation, the agent uses body gestures to supplement the words
spoken in conversation with another agent or human. The gestures are subtler and more re-
served. In our formulation, we represent the acting task as a two-dimensional one-hot vector

A€ {O, 1}2, to denote either narration or conversation.

Intended Emotion. We consider each text sentence to be associated with an intended emotion,
given as a categorical emotion term such as joy, anger, sadness, pride, etc. While the same text
sentence can be associated with multiple emotions in practice, in this work, we limit ourselves
to sentences associated with only one emotion, owing primarily to the limitations in the dataset
available for training. We use the NRC-VAD lexicon (Mohammad 2018) to transform these cat-
egorical emotions associated with the text to the VAD space. The VAD space (Mehrabian and
Russell 1974) is a well-known representation in affective computing to model emotions. It maps

an emotion as a point in a three-dimensional space spanned by valence (V), arousal (A), and
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dominance (D). Valence is a measure of the pleasantness in the emotion (e.g., happy vs. sad),
arousal is a measure of how active or excited the subject expressing the emotion is (e.g., angry
vs. calm), and dominance is a measure of how much the subject expressing the emotion feels
“in control” of their actions (e.g., proud vs. remorseful). Thus, in our formulation, the intended

emotion E € [0, 1]3, where the values are coordinates in the normalized VAD space.

5.3.3.2 Attributes Depending on the Agent

We consider two attributes that depend on the agent to be animated, its gender G, and handed-
ness H. In our work, gender G € {0, 1}2 is limited to a one-hot representation denoting either
female or male, and handedness H € {0, 1}2 is a one-hot representation indicating whether
the agent is left-hand dominant or right-hand dominant. Each agent has exactly one assigned

gender and one assigned handedness.

5.3.4 Using the Transformer Network

Modeling the input text and output gestures as sequences as in Secs. 5.3.1 and 5.3.2, the op-
timization in Equation 5.1 then becomes a sequence transduction problem. Transformer net-
works (Vaswani et al. 2017) are efficient at sequence transduction tasks when both the input
and the output sequences are word embeddings, generally from two different natural languages
(e.g., English and German). We briefly revisit the transformer network as originally introduced
by Vaswani et al. 2017, and describe how we modify it to work with joint rotations as the target
sequence.
The transformer network follows the traditional encoder-decoder architecture for sequence-

to-sequence modeling. However, instead of using sequential chains of recurrent memory net-
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Figure 5.5: Text2Gestures: Transformer Network Architecture. Our network takes in sen-
tences of natural language text and transforms them to word embeddings using the pre-trained
GloVe model (Pennington, Socher, and Manning 2014). It then uses a transformer encoder to
transform the word embeddings to latent representations, appends the agent attributes to these
latent representations, and transforms the combined representations to encoded features. The
transformer decoder takes in these encoded features and the past gesture history to predict ges-
tures for the subsequent time steps. The gesture at each time step is represented by the set of

rotations on all the body joints relative to their respective parents in the pose graph at that time
step.

works, or the computationally expensive convolutional networks, the transformer uses a multi-
head self-attention mechanism to model the dependencies between the elements at different
temporal positions in the input and target sequences.

The attention mechanism is represented as a sum of values from a dictionary of key-
value pairs, where the weight or attention on each value is determined by the relevance of the
corresponding key to a given query. Thus, given a set of m queries Q € R™*k a set of n keys

K € ]R”Xk, and the corresponding set of n values V€ R™*V (for some values k and v), and
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using the scaled dot-product as a measure of relevance, we can write,

oK'

Att (Q, K, V) = softmax (T) V, (5.2)
where the softmax is used to normalize the weights. In the case of self-attention (SA) in the
transformer, Q, K, and V all come from the same sequence. In the transformer encoder, the self-
attention operates on the input sequence V. Since the attention mechanism does not respect
the relative positions of the elements in the sequence, the transformer network uses a positional
encoding scheme to signify the position of each element in the sequence, prior to using the
attention. Also, in order to differentiate between the queries, keys, and values, it projects W
into a common space using three independent fully-connected layers consisting of trainable

parameters Wg enc, Wi encs and Wy epe. Thus, we can write the self-attention in the encoder,

SAenc, as
WWoW W
k

SAenc W) = softmax ( ) WWy. (5.3)

The multi-head (MH) mechanism enables the network to jointly attend to different pro-

jections for different parts in the sequence, i.e.,
MH (W) = concat (SAenci V), - - ., SAeneh V) Weoncat, (5.4)

where h is the number of heads, Wconcat is the set of trainable parameters associated with the
concatenated representation, and each self-attention i in the concatenation consists of its own
set of trainable parameters W ;, Wk ;, and Wy ;.

To complete the encoder operations, the transformer network passes the MH output
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through two fully-connected (FC) layers. It repeats the entire block consisting of (SA-MH-
FC) N times, and uses the residuals around each layer in the blocks during backpropagation.
We denote the final encoded representation of the input sequence WV as Fyy.

To meet the given constraints on the acting task A, intended emotion E, gender G, and
handedness H of the virtual agent, we append these variables to Fy), and pass the combined
representation through two fully-connected layers with trainable parameters Wrc to obtain

feature representations

-
Fu_/v=FC< Ry, A" ET G' H' ;Wpc>- (5.5)

The transformer decoder operates similarly using the target sequence Q, but with some
important differences. First, it uses a masked multi-head (MMH) self-attention on the sequence,
such that the attention for each element covers only those elements appearing before it in the

sequence, lL.e.,

MMH (Q) = concat (SAdec,l (D), SAgech (Q)) Weoncat- (5.6)

This ensures that the attention mechanism is causal and therefore usable at test time, when the
full target sequence is not known apriori. Second, it uses the output of the MMH operation
as the key and the value, and the encoded representation Fyy, as the query, in an additional

multi-head self-attention layer without any masking, i.e.,

MH (Fyy, Q) = concat | Attg,.; (Fyy, MMH (Q), MMH (Q))

h entries

Wconcat- (5-7)

P
J/
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It then passes the output of this multi-head self-attention through two fully-connected layers
to complete the block. Thus, one block of the decoder is (SA-MMH-SA-MH-FC), and the
transformer network uses N such blocks. It also uses positional encoding of the target sequence

upfront and uses the residuals around each layer in the blocks during backpropagation.

5.4 Training the Network

Figure 5.5 shows the overall architecture of our transformer-based network. The word embed-
ding layer transforms the words into feature vectors using the pre-trained GloVe model. The
encoder and the decoder consist of N = 2 blocks of (SA-MH-FC) and (SA-MMH-SA-MH-FC),
respectively. We use h = 2 heads in the multi-head attention. The set of FC layers in each of the
blocks maps to 200-dim outputs. At the output of the decoder, we normalize the predicted values
so that they represent valid rotations. We train our network using the sum of three losses: the
angle loss, the pose loss, and the affective loss. We compute these losses between the gesture
sequences generated by our network and the original motion-captured sequences available as

ground truth in the training dataset.

5.4.1 Angle Loss for Smooth Motions

We denote the ground truth relative rotation of each joint j at time step ¢ as the unit quaternion
gj,+- and the corresponding rotation predicted by the network as g ;. If needed, we correct g; ;
to have the same orientation as gj;. Then we measure the angle loss between each such pair
of rotations as the squared difference of their Euler angle representations, modulo 7. We use
Euler angles rather than the quaternions in the loss function as it is straightforward to compute

closeness between Euler angles using Euclidean distances. To ensure that the motions look
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smooth and natural, we also consider the squared difference between the derivatives of the
ground truth and the predicted rotations, computed at successive time steps. We write the net

angle loss Lang as

Lang=» Z (Eul (qj,/) - Bul (gr))*+

(5.8)

(Eul (g¢) ~ Eul (gi-1) ~ Eul () + Eul (g3-1))".

5.4.2 Pose Loss for Joint Trajectories

The angle loss only penalizes the absolute differences between the ground truth and the pre-
dicted joint rotations and does not explicitly constrain the resulting poses to follow the same
trajectory as the ground truth at all time steps. To this end, we compute the squared norm dif-
ference between the ground truth and the predicted joint positions at all time steps. Given the
relative joint rotations and the offset o; of every joint j from its parent, we can easily compute

all the joint positions using forward kinematics (FK). Thus, we write the pose loss Lpose as
Lpose = > Y _|[FK (g 0j) — FK (4.0, 05) || (5.9)
t

5.4.3 Affective Loss for Emotive Gestures

To ensure that the generated gestures are emotionally expressive, we also penalize the loss
between the gesture-based affective features of the ground truth and the predicted poses. Prior
studies in affective computing (Gross, Crane, and Fredrickson 2012; Karg et al. 2013; Castillo

and Neff 2019) show that gesture-based affective features are good indicators of emotions that
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vary in arousal and dominance. Emotions with high dominance, such as pride, anger, and joy,
tend to be expressed with an expanded upper body, spread arms, and upright head positions.
Conversely, emotions with low dominance, such as fear and sadness, tend to be expressed with
a contracted upper body, arms close to the body, and collapsed head positions. Again, emotions
with high arousal, such as anger and amusement, tend to be expressed with rapid arm swings
and head movements. In contrast, emotions with low arousal, such as relief and sadness, tend to
be expressed with subtle, slow movements. Different valence levels are not generally associated
with consistent differences in gestures and are often inferred from other cues and the context. In
Figure 5.3, we show some gesture snapshots to visualize the variance of these affective features
for different levels of arousal and dominance.

We define scale-independent affective features using angles, distance ratios, and area ra-
tios for training our network, following the same rationale as in (Bhattacharya et al. 2020). Since,
in our experiments, the virtual agent is sitting down, and only the upper body is expressive dur-
ing the gesture sequences, only the joints at the root, neck, head, shoulders, elbows, and wrists
move significantly. Therefore, we use these joints to compute our affective features. We show
the complete list of affective features we use in Figure 5.4. Denoting the set of affective features
computed from the ground truth and the predicted poses at time t as a; and a; respectively, we

write the affective loss £, as

Lag=) lla-a'|? (5.10)
t

Combining all the individual loss terms, we write our training loss functions £ as

L= ﬁang + Epose + /v’aff + )\H w

, (5.11)
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where W denotes the set of all trainable parameters in the full network, and A is the regular-

ization factor.

5.5 Results

This section elaborates on the database we use to train, validate, and test our method. We also
report our training routine, the performance of our method compared to the ground truth and
the current state-of-the-art method for generating gestures aligned with text input. We also
perform ablation studies to show the benefits of each of the components in our loss function:

the angle loss, the pose loss, and the affective loss.

5.5.1 Data for Training, Validation, and Testing

We evaluate our method on the MPI emotional body expressions database (Volkova et al. 2014).
This database consists of 1,447 motion-captured sequences of human participants performing
one of three acting tasks: narrating a sentence from a story, gesticulating a scenario given as a
sentence, or gesticulating while speaking a line in a conversation. Each sequence corresponds
to one text sentence and the associated gestures. For each sequence, the following annotations
of the intended emotion E, gender G, and handedness H, are available:

« Easthe VAD representation for one of “afraid”, “amused”, “angry”, “ashamed”, “disgusted”,

“joyous”, “neutral”, “proud”, “relieved”, “sad”, or “surprised”,

« G is either female or male, and

+ H is either left or right.
Each sequence is captured at 120 fps and is between 4 and 20 seconds long. We pad all the

sequences with our EoS pose (Section 5.3.2) so that all the sequences are of equal length. Since
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the sequences freeze at the end of the corresponding sentences, padding with the EoS pose often
introduces small jumps in the joint positions and the corresponding relative rotations when any
gesture sequence ends. However, our training loss function (Equation 5.11) is designed to ensure
smoothness, and is able to generate gestures that transition smoothly to the EoS pose after the

end of the sentence.

5.5.2 Training and Evaluation Routines

We train our network using the Adam optimizer (Kingma and Ba 2014) with a learning rate of
0.001 and a weight decay of 0.999 at every epoch. We train our network for 600 epochs, using
a stochastic batch size of 16 without replacement in every iteration. We use 80% of the data for
training, validate the performance on 10% of the data and test on the remaining 10% of the data
that is held out. The total training takes around 8 hours using an Nvidia GeForce GTX 1080Ti
GPU. At the time of evaluation, we initialize the transformer decoder with T = 20 (Figure 5.5)
time steps of the SoS pose, and keep using the past T = 20 time steps to generate the gesture at

every time step.

5.5.3 Comparative Performance

We compare the performance of our network with the transformer-based text-to-gesture gen-
eration network of Yoon et al. 2019 because this method is the closest to our work. To make a
fair comparison, we perform the following as per their original paper:
« use the eight upper body joints (three each on the two arms, neck, and head) for their
method,

« use PCA to reduce the eight upper body joints to 10 dimensional features,
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Table 5.1: Text2Gestures: Mean Pose Errors. For each listed method, this is the mean Eu-
clidean distance of all the joints over all the time steps from all the ground truth sequences over
the entire test set. The mean error for each sequence is computed relative to the mean length
of the longest diagonal of the 3D bounding box of the virtual agent in that sequence.

Method Mean pose error
Yoon et al. 2019 1.57
Our method, no angle loss 0.07
Our method, no pose loss 0.06
Our method, no affective loss 0.06
Our method, all losses 0.05

« retrain their network on the MPI emotional body expressions database (Volkova et al.
2014), using the same data split as in our method, and the hyperparameters provided by
the authors,

« compare the performances only on the eight upper body joints.

We report the mean pose error from the ground truth sequences over the entire held-
out test set for both Yoon et al. 2019 and our method in Table 5.1. For each test sequence and
each method, we compute the total pose error for all the joints at each time step and calculate
the mean of these errors across all time steps. We then divide this mean error by the mean
length of the longest diagonal of the 3D bounding box of the virtual agent to get the normalized
mean error. To obtain the mean pose error for the entire test set, we compute the mean of the
normalized mean errors for all the test sequences. We also plot the trajectories of the three end-
effector joints in the upper body, head, left wrist, and right wrist, independently in the three
coordinate directions, for two diverse sample sequences from the test set in Figure 5.6. We
ensure diversity in the samples by choosing a different combination of the gender, handedness,
acting task and intended emotion of the gesture for each sample.

We observe from Table 5.1 that our method reduces the mean pose error by around 97%
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over Yoon et al. 2019. From the plots in Figure 5.6, we can observe that unlike our method, Yoon
et al. 2019 are unable to generate the high amplitude oscillations in motion, leading to larger
pose errors. This is because the lower-dimensional representation of pose motions considered
by Yoon et al. 2019 does not sufficiently capture this detail. Moreover, the gestures generated
by Yoon et al. 2019 did not produce any movements in the z-axis, rather, the movements were
confined to a z-plane. The step in their method in the z-axis occurs when the gesture returns to

the EoS rest pose, which is in a different z-plane.
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Figure 5.7: Text2Gestures: Qualitative Ablation Studies. Snapshots of gestures at five time
steps from two sample ground truth sequences in the test set, and the gestures at the same five
time steps as generated by our method and its different ablated versions. The full sequences of
these gestures are available in our project website.

5.5.4 Ablation Studies

We compare the performance between different ablated versions of our method. We test the
contribution of each of the three loss terms, angle loss, pose loss, and affective loss, in Equa-
tion 5.11 by removing them from the total loss one at a time, and training our network from
scratch with the remaining losses. Each of these ablated versions has a higher mean pose error
over the entire test set than our actual method, as we report in Table 5.1. To visualize the per-
formance differences, we show in Figure 5.6 sample end-effector trajectories in the same setup

as described in Section 5.5.3. We also show snapshots from the two sample gesture sequences
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generated by all the ablated versions in Figure 5.7. We show the full gesture sequences of these
and other samples in our project website.

We can observe from Figure 5.6 that the gestures become heavily jerky without the angle
loss. When we add in the angle loss but remove the pose loss, the gestures become smoother,
but still have some jerkiness. This shows that the pose loss also lends some robustness to the
generation process. The other major drawback in removing either the angle or the pose loss is
that the network can only change the gesture between time steps within some small bounds,
making the overall animation sequence appear rigid and constricted.

The contribution of the affective loss is apparent when we remove it from Equation 5.11
while keeping both the angle and the pose losses. In this case, the network can generate a wide
range of gestures, leading to animations that appear fluid and plausible. However, the emotional
expressions in the gestures, such as spreading and contracting the arms and shaking the head,

are not consistent with the intended emotions.

5.5.5 Interfacing with the VR Environment

Given a sentence of text, we can generate the gesture animation files at an interactive rate of 3.2
ms per frame, or 312.5 frames per second, on average on an Nvidia GeForce GTX 1080Ti GPU.

We use the gender and the handedness to determine the physical attributes of the virtual
agent during generation of gestures. The gender impacts the pose structure. The handedness de-
termines the hand for one-handed or longitudinally asymmetrical gestures. To create the virtual
agents, we use low-poly humanoid meshes with no textures on the face. We use the pre-defined
set of male and female skeletons in the MPI emotional body motion database (Volkova et al.

2014) for the gesture animations. We assign a different model to each of these skeletons, match-
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ing their genders. We also manually correct any visual distortions caused by shape mismatch
between the pre-defined skeletons and the low-poly meshes.

We use Blender 2.7 to rig the generated animations to the humanoid meshes. To ensure
a correct rig, we modify the rest pose of the humanoid meshes to match the rest pose of our
pre-defined skeletons. To make the meshes appear more life-like, we add periodic blinking and
breathing movements to the generated animations using blendshapes in Blender.

We prepare our VR environment using Unreal 4.25. We place the virtual agents on a chair
in the center of the scene in full focus. The users can interact with the agent in two ways. They
can either select a story that the agent narrates line by line using appropriate body gestures or
send lines of text as part of a conversation to which the agent responds using text and associated
body gestures. We show the full demos in our project website. We use synthetic, neutral-toned
audio aligned with all our generated gestures to better understand the timing of the gestures
with the text. However, we do not add any facial features or emotions in the audio for the
agents since these are dominant modalities of emotion expression and make a fair evaluation
of emotional expressiveness of the gestures difficult. For example, if the intended emotion is
happy and the agent has a smiling face, observers are more likely to respond favorably to any

gesture with reasonably high valence or arousal.

5.6 User Study

We conduct a web-based user study to test two major aspects of our method: the correlation
between the intended and the perceived emotions of and from the gestures, and the quality of

the animations compared to the original motion-captured sequences.
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Table 5.2: Text2Gestures: Likert Scale Descriptions for the User Study. We use the fol-
lowing markers in our five-point Likert scale

Very Unnatural e.g., broken arms or legs, torso at an impossible angle
Not Realistic e.g., limbs going inside the body or through the chair

Looks OK No serious problems, but does not look very appealing
Looks good No problems and the gestures look natural
Looks great! The gestures look like they could be from a real person

5.6.1 Procedure

The study consisted of two sections and was about ten minutes long. In the first section, we
showed the participant six clips of virtual agents sitting on a chair and performing a randomly
selected gesture sequences generated by our method, one after the other. We then asked the
participant to report the perceived emotion as one of multiple choics. Based on our pilot study,
we understood that asking participants to choose from one of 11 categorical emotions in the
EBEDB dataset (Volkova et al. 2014) was overwhelming, especially since some of the emotion
terms were close to each other in the VAD space (e.g., joyous and amused). We, therefore, opted
for fewer choices to make it easier for the participants as well as reducing the probability of
having too many emotion terms with similar VAD values in the choices. For each sequence,
we, therefore, provided the participant with four choices for the perceived emotion. One of the
choices was the intended emotion, and the remaining three were randomly selected. For each
animation, randomly choosing three choices can unintentionally bias the participant’s response
(for instance, if the intended emotion is “sad” and the random options are “joyous”, “amused” and
“proud”). However, the probability of such a set of choices drops exponentially as we consider
multiple sequences for each participant and multiple participants in the overall study.

In the second section, we showed the participant three clips of virtual agents sitting on a
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Figure 5.8: Text2Gestures: Valence, Arousal, and Dominance Distributions in the User
Study. Distribution of values from the intended and perceived emotions in the valence, arousal,
and dominance dimensions for gestures in the study. All the distributions indicate strong posi-
tive correlation between the intended and the perceived values, with the highest correlation in
arousal and the lowest in valence.

chair and performing a randomly selected original motion-captured sequence and three clips of
virtual agents performing a randomly selected generated gesture sequence, one after the other.
We showed the participant these six sequences in random order and did not tell the participant
which sequences were from the original motion-capture and which sequences were generated
by our method. We asked the participant to report the naturalness of the gestures in each of
these sequences on a five-point Likert scale, consisting of the markers mentioned in Table 5.2.
We had a total of 145 clips of generated gestures and 145 clips of the corresponding
motion-captured gestures. For every participant, we chose all the 12 random clips across the
two sections without replacement. We did not notify the participant apriori which clips had
motion-captured gestures, and which clips had our generated gestures. Moreover, we ensured
that in the second section, none of the three selected generated gestures corresponded to the
three selected motion-captured gestures. Thus, all the clips each participant looked at were dis-
tinct. However, we did repeat clips at random across participants, to get multiple responses for

each clip.
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5.6.2 Participants

Fifty participants participated in our study, recruited via web advertisements. To study the
demographic diversity, we asked the participants to report their gender and age group. Based
on the statistics, we had 16 male and 11 female participants in the age group of 18-24, 15 male
and seven female participants in the age group of 25-34, and one participant older than 35 who
preferred not to disclose their gender. However, we did not observe any particular pattern of

responses based on the demographics.

5.6.3 Evaluation

We analyze the correlation between the intended and the perceived emotions from the first
section of the user study and the reported quality of the animations from the second section.

We also summarize miscellaneous user feedback.

5.6.3.1 Correlation between Intended and Perceived Emotions

Each participant responded to six random sequences in the first section of the study, leading to
a total of 300 responses. We convert the categorical emotion terms from these responses to the
VAD space using the mapping of NRC-VAD (Mohammad 2018). We show the distribution of the
valence, arousal, and dominance values of the intended and perceived emotions in Figure 5.8.
We compute the Pearson correlation coefficient between the intended and perceived val-
ues in each of the valence, arousal, and dominance dimensions. A Pearson coefficient of 1
indicates maximum positive linear correlation, 0 indicates no correlation, and -1 indicates max-

imum negative linear correlation. In practice, any coefficient larger than 0.5 indicates a strong
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Figure 5.9: Text2Gestures: Synthesis Quality Scores from the User Study. A small fraction
of participants responded to the few gesture sequences that had some stray self-collisions, and
therefore found these sequences to not be realistic. The vast majority of the participants found
both the motion-captured and generated gestures to look OK (plausible) on the virtual agents.
A marginally higher percentage of participants reported that our generated gesture sequences
looked better on the virtual agents that the original motion-captured gesture sequences.

positive linear correlation. We hypothesize that intended and the perceived values in all the
three dimensions have such a strong positive correlation.

We observe a Pearson coefficient of 0.77, 0.95, and 0.82 between the intended and the
perceived values in the valence, arousal, and dominance dimensions respectively. Thus, the
values in all three dimensions are strongly positively correlated, satisfying our hypothesis. The
values also indicate that the correlation is stronger in the arousal and the dominance dimensions
and comparatively weaker in the valence dimension. This is in line with prior studies in affective
computing (Gross, Crane, and Fredrickson 2012; Karg et al. 2013), which show that arousal and

dominance are most consistently perceived from gesture-based body expressions.

5.6.3.2  Quality of Gesture Animations

Each participant responded to three random motion-captured and three random generated se-

quences in the second section of the study. Therefore, we have a total of 150 responses on both
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the motion-captured and the generated sequences. Of these, we summarize the percentage of
responses of each of the five points in the Likert scale in Figure 5.9. We consider a minimum
score of 3 on our Likert scale as an indication that the participant found the corresponding ges-
ture plausible. By this criterion, we observe that 86.67% of the responses indicated the virtual
agents performing the motion-captured sequences to have plausible gestures, and 91.33% of the
responses the virtual agents performing the generated sequences to have plausible gestures. In
fact, we observe that a marginally higher percentage of responses scored the generated gestures
4 and 5 (2.00% and 3.33% respectively), compared to the percentage of responses that had the
same score for the motion-captured gestures. This, coupled with the fact that participants did
not know apriori which sequences were motion-captured and generated, indicates that our gen-
erated sequences were perceived to be as realistic as the original motion-captured sequences.
One possible explanation of our generated gestures being rated marginally more plausible than
the motion-captured gestures is that our generated poses return smoothly to a rest pose after
the end of the sentence, whereas the motion-captured gestures freeze at the end-of-the-sentence

pose.

5.6.3.3 Miscellaneous Feedback

Our virtual agents only express emotions through gestures and do not use any other modali-
ties such as faces or voices. Therefore, we expected some participants taking the study to be
distracted by the lack of emotions on the face or to be unable to determine the emotions based
only on the gestures, without supporting cues from the other modalities. Indeed, 14% of the
participants reported they were distracted by the lack of facial emotions, 10% were unable to

conclusively determine the emotions based on only the gestures, and 8% experienced both dif-
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ficulties.

5.7 Conclusion

We have expanded affect synthesis to work with two modalities, taking the text transcript of a
virtual agent’s speech as input and their intended affects, and synthesizing their corresponding
affective body gestures. Our method takes in the natural language text one sentence at a time
and generates 3D pose sequences for virtual agents corresponding to emotive gestures aligned
with that text. To the best of our knowledge, this was the first method to synthesize text-based
affective gestures. Our generative method also considers the intended acting task of narration or
conversation, the intended emotion based on the text and the context, and the intended gender
and handedness of the virtual agents to generate plausible gestures. We can generate these
gestures in a few milliseconds on an Nvidia GeForce GTX 1080Ti GPU. We also conducted a
web study to evaluate the naturalness and emotional expressiveness of our generated gestures.
Based on the 600 total responses from 50 participants, we found a strong positive correlation
between the intended emotions of the virtual agents’ gestures and the emotions perceived from
them by the respondents, with a minimum Pearson coefficient of 0.77 in the valence dimension.
Moreover, around 91% of the respondents found our generated gestures to be at least plausible

on a five-point Likert Scale.
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CHAPTER 6

Affective Co-Speech Gesture Synthesis Using Adversarial
Expression Learning

Project Website: https://gamma.umd.edu/s2ag

Abstract

We present a generative adversarial network to synthesize 3D pose sequences of co-speech
upper-body gestures with appropriate affective expressions. Our network consists of two com-
ponents: a generator to synthesize gestures from a joint embedding space of features encoded
from the input speech and the seed poses, and a discriminator to distinguish between the syn-
thesized pose sequences and real 3D pose sequences. We leverage the Mel-frequency cepstral
coefficients and the text transcript computed from the input speech in separate encoders in
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our generator to learn the desired sentiments and the associated affective cues. We design an
affective encoder using multi-scale spatial-temporal graph convolutions to transform 3D pose
sequences into latent, pose-based affective features. We use our affective encoder in both our
generator, where it learns affective features from the seed poses to guide the gesture synthesis,
and our discriminator, where it enforces the synthesized gestures to contain the appropriate af-
fective expressions. We perform extensive evaluations on two benchmark datasets for gesture
synthesis from the speech, the TED Gesture Dataset and the GENEA Challenge 2020 Dataset.
Compared to the best baselines, we improve the mean absolute joint error by 10-33%, the mean
acceleration difference by 8-58%, and the Fréchet Gesture Distance by 21-34%. We also conduct
a user study and observe that compared to the best current baselines, around 15.28% of partic-
ipants indicated our synthesized gestures appear more plausible, and around 16.32% of partici-

pants felt the gestures had more appropriate affective expressions aligned with the speech.

6.1 Introduction

Co-speech gestures are bodily expressions associated with a person’s speech (Yoon et al. 2019).
They help underline the subject matter and the context of the speech, particularly in the form
of beat, deictic, iconic, or metaphoric expressions (McNeill 1992). Beat gestures are rhythmic
movements following the speech, and deictic gestures point to an entity. Iconic gestures de-
scribe physical concepts, e.g., spreading and contracting the arms to denote “large” and “small”,
and metaphoric gestures describe abstract concepts, e.g., putting a hand to the heart to de-
note “love”. Synthesizing co-speech gestures is an important task in creating socially engaging
characters and virtual agents. These are useful in a variety of multimedia application such as
online learning (Li et al. 2016; Liao et al. 2019; Simeone et al. 2019), interviewing and counsel-
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Figure 6.1: Speech2AffectiveGestures: Overview. We synthesize 3D pose sequences of co-
speech upper-body gestures with appropriate affective expressions. We extract the affective
cues from the speech, the sentiments from the corresponding text transcripts, the individual
speaker styles, and the joint-based affective expressions from the seed poses (shown on the
left). We train a generative adversarial network to synthesize gestures aligned with the speech
by leveraging the affective information in both the generation and the discrimination phases.
We show two such affective gestures on the right, with the affects furious and appalled denoted
in italics.

ing (Baur et al. 2013; DeVault et al. 2014), robot assistants (Yoon et al. 2019), character designs
and game development (Mascarenhas et al. 2018; Kucherenko et al. 2020), and visualizing stories
and scripts (Watson et al. 2019).

In our work, we focus on synthesizing the upper-body gestures associated with speech.
We consider the joints at the root, spine, head, and the two arms as part of the upper body,
which are the joints most commonly used in co-speech gestures (Yoon et al. 2020; Kucherenko
et al. 2020). Current state-of-the-art methods for co-speech upper-body gesture synthesis are
based on an end-to-end learning approach (Ginosar et al. 2019; Yoon et al. 2020; Kucherenko
et al. 2020). These methods train deep neural networks using gestures (available as videos or
motion-captured datasets), raw speech waveforms and the corresponding text transcripts, and
individual speaker styles. While these methods can generate different beat, deictic, iconic, and
metaphoric co-speech gestures and adapt to speaker-specific styles, they do not have any mech-

anism to reliably incorporate affective expressions in the gestures.
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Affective expressions are the modulations in gestures resulting from the emotions expe-
rienced by the speakers (Kleinsmith and Bianchi-Berthouze 2013; Karg et al. 2013). Even for a
given speaker, the style of gesture expressions can change depending on the emotional context,
and human observers are keenly alert to these changes (Karg et al. 2013). The combined under-
standing of the content of the speech and the speaker’s gesture-based affective expressions are
crucial to human-human interactions (Matsumoto, Frank, and Hwang 2012; Knapp, Hall, and
Horgan 2013). Therefore, it is essential to incorporate affective expressions in co-speech ges-
tures of animated characters and virtual agents to improve their plausibility in human-machine
interactions.

In human-human interactions, we can break the gesture-based affective expressions down
into a set of biomechanical features known as affective features, such as body postures, head
positions, and arm motions (Kleinsmith and Bianchi-Berthouze 2013). Each affective expression
is a combination of one or more affective features, e.g., rapid arm swings and head jerks are
often used as expressions of anger or excitement (Karg et al. 2013). A multitude of macroscopic
and microscopic factors influence the affective features in a given context, including the social
setting and the speaker’s idiosyncrasies, making an exhaustive enumeration of affective features
tedious and challenging (Bhattacharya et al. 2020). Nevertheless, it is essential to learn these
affective features to understand and synthesize the desired affective expressions.

Moreover, co-speech affective gesture synthesis also requires aligning the gestures with
the affective cues obtained from the speech. To this end, prior methods have either learned to
map the raw speech waveforms to gestures via latent embeddings (Yoon et al. 2020) or utilized
the log-Mel spectrograms to obtain a richer understanding of the affective cues, including the

prosody and the intonations in the speech (Ginosar et al. 2019; Kucherenko et al. 2020). How-
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ever, these are high-dimensional representations of speech that require significant computation

overhead to be downscaled into convenient latent embedding spaces.

Main Contributions. We present an end-to-end learning approach for generating 3D pose se-
quences of co-speech gestures with appropriate affective expressions while maintaining the

speakers’ individual styles and following a short sequence of seed poses.!

We leverage the
Mel-frequency cepstral coefficients (MFCCs) from the speeches obtained by performing DCT
on the log-Mel spectrograms. MFCCs are highly compressible representations containing suffi-
cient information for speaker identification and also encode affective cues such as prosody and
intonation for speech-based affect detection. We use separate encoders to encode the MFCCs
from the raw speeches, the text transcripts obtained from the speeches, the speakers’ styles,
and the seed poses. We use available text- and speaker-encoders proposed by Yoon et al. 2020
to learn latent features from the text transcript and a latent style embedding space using a vari-
ational encoding of the speaker styles. We propose an encoder for the MFCCs that captures
the affective cues in the speech. We also develop an “affective encoder” that transforms the 3D
pose sequences to latent affective features using multi-scale spatial-temporal graph convolu-
tions (STGCNs). We design our multi-scale STGCNSs to expand attention from the local joints
to the macroscopic body parts in a bottom-up manner. We use our affective encoder both in
the generator to learn affective features from the seed poses to guide the gesture synthesis and
in our discriminator to differentiate between the real and the synthesized gestures based on

the affective expressions. To the best of our knowledge, we are the first to learn affective fea-

tures directly from the gesture data to synthesize gestures with affective expressions. Our main

!Code and additional materials available at https://gamma.umd.edu/s2ag.
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contributions include:

 Synthesizing co-speech affective gestures. We synthesize 3D pose sequences of ges-
tures with appropriate affective expressions given a speaker’s speech, maintaining the
speakers’ individual styles of gesticulation and following a short sequence of seed poses.
+ Affective encoder for learning latent affective features. Our affective encoder lever-
ages the localized joint movements and the macroscopic body movements in the 3D pose
sequences to learn latent affective features that are used for synthesizing the future poses
from the seed poses and adversarially guiding the synthesis as per affective expressions.
+ MFCC encoder for leveraging the affective cues from the speech. Our MFCC en-
coder takes in low-dimensional MFCCs containing information on the affective cues from
the speech, including prosody and intonations, and transforms them into latent embed-

dings for affective gesture synthesis.

We evaluate the quantitative performance of our network on two benchmark datasets, the
TED Gesture Dataset (Yoon et al. 2019) and the GENEA Challenge 2020 Dataset (Kucherenko
et al. 2021). We observe an improvement of 10-33% on the mean absolute joint error, 8-58% on
the mean acceleration difference, and 21-34% on the Fréchet Gesture Distance (FGD) (Yoon et al.
2020) for our network compared to the current state-of-the-art baselines. We also conduct a user
study to evaluate the plausibility of our synthesized gestures and the consistency between the
affective expressions in the gestures and the speech. Around 15.28% participants indicated that
our synthesized gestures are more plausible than the best current baseline of Yoon et al. 2020,
and around 16.32% participants felt the gestures had more appropriate affective expressions

aligned with the speech compared to the same baseline.
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6.2 Related Work

We briefly summarize related prior work on how humans perceive affective body expressions
and how these studies were leveraged to synthesize emotionally expressive characters. We also
summarize works on synthesizing body motions, especially those aligned with a speech, a text

transcript, or both.

6.2.1 Perceiving Affective Body Expressions

Affect is traditionally expressed in psychology in terms of its valence, arousal, and dominance
(VAD) (Mehrabian and Russell 1974). Valence measures the level of pleasantness (e.g., happy
vs. sad), arousal measures how animated the person is (e.g., angry vs. bored), and dominance
measures the level of control over the affect (e.g., admiration vs. fear). Studies in both psychol-
ogy and affective computing indicate the existence of biomechanical affective features that pro-
vide cues to a person’s perceived affect to human observers (Kleinsmith and Bianchi-Berthouze
2013; Karg et al. 2013; Castillo and Neff 2019; Banerjee, Bhattacharya, and Bera 2022; Kim et al.
2015). These affective features can be observed at different scales: they can be localized joint
movements such as rapid arm swings and head jerks, indicating excitement or anger, as well as
macroscopic body movements such as the upper body being expanded, indicating pride or con-
fidence, or collapsed, indicating shame or nervousness. Subsequently, there has been work on
detecting perceived emotions by leveraging known affective features either as input to a neu-
ral network (Bhattacharya et al. 2020) or to constrain the embedding space (Bhattacharya et al.
2020). In contrast, we design our neural network to explicitly attend to the body movements at

these multiple scales to learn latent affective features directly from the input gesture samples.
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6.2.2 Synthesizing Affective Body Expressions

There has been substantial work on synthesizing affective expressions for embodied conversa-
tion agents (Chowanda et al. 2016; Sohn et al. 2018) and other social virtual agents to interact
via facial expressions (Karras et al. 2017; Ferstl and McDonnell 2018a) or gaits (Randhavane
et al. 2019c). Furthermore, the synthesis of affective facial expressions has been aligned with
a character’s speech using data-driven techniques (Chuah, Rossen, and Lok 2009). While syn-
thesizing speech-aligned affective facial expressions has been relatively well-studied, aligning
the speech with affective body expressions has been more challenging. Some of the widely
used approaches are rule-based systems such as that of DeVault et al. 2014, which has a virtual
human counselor expressing appropriate affective hand and body gestures following known
mappings between the emotional states and the stored animations. Recent methods utilize gait
datasets annotated with categorical emotions such as happy, sad, and angry to generate emotive
gaits (Randhavane et al. 2019a; Bhattacharya et al. 2020). Other techniques have extended to the
VAD space of affect, where body gestures are generated given the text transcripts of speech and
the corresponding intended emotion as a point in the VAD space (Bhattacharya et al. 2021b).
Our approach is based on designing an end-to-end system that can synthesize body expressions

by automatically understanding the affective content in the input speech.

6.2.3 Synthesizing Gestures

There is a rich body of work gesture synthesis using rule-based systems, as surveyed compre-
hensively by Wagner, Malisz, and Kopp 2014. However, scalability to novel scenarios remains a

challenge for rule-based systems on account of manually designing new rules. Instead, we focus
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on a summary of the recent data-driven approaches of automated gesture synthesis in novel sce-
narios (Chiu, Morency, and Marsella 2015), which are in line with our learning-based approach.
Existing techniques have utilized hidden Markov models (Levine et al. 2010), recurrent neural
network variants (Hasegawa et al. 2018; Yoon et al. 2019), and autoencoders (Kucherenko et al.
2019) to learn robust latent features that encode the input speech, available as either an audio or
a text transcript, and can be used to decode the output gestures. Other approaches have opted to
learn stochastic generation processes using tools such as invertible sub-transformations (Alexan-
derson et al. 2020) to map between the speech and the gesture spaces. To improve the realism
of the generated speech-driven gestures, more recent works incorporate the speech semantics
into the training process (Kucherenko et al. 2020), and even combined the synthesized gestures
with rule-based head nods and hand waves for embodied conversation agents (Sadoughi and
Busso 2019).

Our approach is complementary to these approaches in that we learn mappings from the
text transcripts of speech to gestures. It eliminates the noise in speech signals and helps us focus
only on the relevant content and context. Learning from the text also enables us to focus on
a broader range of gestures, including iconic, deictic, and metaphoric gestures (McNeill 1992).
Our work is most closely related to that of Yoon et al. 2019. They learn upper body gestures
as PCA-based, low-dimensional pose features, corresponding to text transcripts from a dataset
of TED-talk videos, then map these 3D gestures to an NAO robot. They have also followed
up this work by generating upper-body gestures aligned with the three modalities of speech,
text transcripts, and person identity (Yoon et al. 2020). On the other hand, we learn to map
text transcripts to 3D pose sequences corresponding to semantic-aware, full-body gestures of

more human-like virtual agents using an end-to-end trainable transformer network and blend
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in emotional expressiveness.

6.2.4 Incorporating Speaker Styles

Co-speech gesture generation is intrinsically related to stylized gesture generation. There has
been considerable progress on stylized generation of head motions (Greenwood, Laycock, and
Matthews 2017; Sadoughi and Busso 2018), facial motions (Suwajanakorn, Seitz, and Kemelmacher-
Shlizerman 2017; Ferstl and McDonnell 2018a) as well as locomotions (Holden, Saito, and Ko-
mura 2016; Holden, Komura, and Saito 2017; Starke et al. 2019). At the same time, many tech-
niques have been proposed to generate appropriately styled body motions from textual descrip-
tions of the actions (Li et al. n.d.; Zhou et al. 2019). Other approaches have developed separate
gesture generation networks for individual speakers to adapt to their individual styles (Ginosar
et al. 2019), together with adversarial losses to improve the fidelity of the generation (Ferstl,
Neff, and McDonnell 2019). Recently, Yoon et al. 2020 proposed a unified architecture that con-
siders the speech, its text transcript, and the speaker identity to generate co-speech gestures
with continuously varying speaker styles. We extend such speaker-aware gesture synthesis
to further incorporate the appropriate affective body expressions that align with the affective

content in the speech.

6.3 Approach

Our goal is to generate 3D pose sequences of co-speech upper-body gestures with appropriate
affective expressions and speaker styles, given the raw speech waveform, the speaker identity,
and a short sequence of seed poses. We consider affective expressions to be specific sequences

of joint movements, generally as a combination of the affective features (Bhattacharya et al.
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Figure 6.2: Speech2AffectiveGestures: Generative Adversarial Expression Learning Net-
work Architecture. Our network consists of a generator (pale-green box) and a discriminator
(pale-blue box). Our generator takes in the MFCC from the speech, the text transcript, the
speaker ID, and a sequence of 3D seed poses. We use four encoders: the MFCC encoder (Sec-
tion 6.3.1.1), the text encoder (Section 6.3.1.2), the speaker encoder (Section 6.3.1.3), and the
affective encoder (Section 6.3.1.4). We feed the concatenation of these latent features into our
Bi-GRU followed by a set of FC layers to synthesize the gestures aligned with the speech. Our
discriminator learns to discriminate between the real and the synthesized gestures based on
the latent affective features from the affective encoder, constraining the generator to synthesize
appropriate affective expressions.

2021b). We learn these affective expressions both at the localized joint neighborhoods and the
macroscopic body movements, and use them to condition the training of a generative adversarial
network. We show our overall network architecture in Figure 6.2.

6.3.1 Synthesizing Co-Speech Gestures

Our generative network takes in the raw speech waveform as a 1D array, the corresponding text

transcript as a sequence of words, the speaker identity as a unique number, and the seed poses
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as a 3D pose sequence. Similar to Yoon et al. 2020, we encode the speech waveform, the text
transcript, and the speaker identities using separate encoders. However, unlike Yoon et al. 2020,
we convert the speech waveform to Mel-Frequency Cepstral Coefficients (MFCCs) to guide the
encoding process based on the affective cues from speech. We also propose an affective encoder
to encode the pose-based affective expressions into latent features for both gesture generation
and discrimination. In the generation process, we combine the latent embeddings learned from
the four encoders, speech, text, speaker, and affective, into a joint embedding for learning the

upper-body gestures.

6.3.1.1 MFCC Encoder

MFCCs are known to encode signal frequencies consistent with how humans perceive sound,
and are therefore particularly useful for tasks such as speech recognition (Vergin, O’Shaughnessy,
and Farhat 1999), speaker identification (Murty and Yegnanarayana 2006) and speech-based af-
fect detection (Neiberg, Elenius, and Laskowski 2006). In our case, we design our MFCC en-
coder to embed the speech-based affective cues such as prosody and intonations captured by
the MFCCs and incorporate them in gesture synthesis. Given a raw waveform as a 1D array,
we transform it to its top 14 MFCCs. These include the log-energy spectrum and 13 coefficients
containing sufficient information on the speaker’s pitch, intonation, prosody, and other rele-
vant parameters (Bagher Zadeh et al. 2018; Suwajanakorn, Seitz, and Kemelmacher-Shlizerman
2017). We also append the first- and the second-order discrete forward differences of the 13
coefficients, obtaining a total of 37 values. Using a window size W on a input waveform of
length L, we obtain individual MFCCs of shape [L/ W, leading to a combined feature tensor

fm € R37 [LW1, We pass these features through a series of 1D temporal convolutions, fol-
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lowed by a single fully-connected (FC) layer, to obtain a latent feature sequence fm e RPmxT

of sequence length T equal to 3D pose sequence length of the seed poses, as

fm = Conv o FCpyfic <fm’ Win cc) ) (6.1)

where Dy, is the dimension of the latent features, Conv o FC,,¢.. denotes the series of 1D con-

volutions followed by the FC layer, and W, .. its set of trainable parameters.

6.3.1.2 Text Encoder

Given the text transcript corresponding to the speech, we first pad the transcript with padding
tokens following the approach of Yoon et al. 2020, to ensure that the text transcript has the same
sequence length T as the seed poses. We then use the pre-trained FastText (Bojanowski et al.
2017) word embedding model to transform the word sequence into 300-dimensional features,
leading to a feature tensor f € R3%0%T We use FastText for its memory efficiency and its use-
fulness in sentiment analysis (Santos, Nedjah, and Macedo Mourelle 2017), which is important
in understanding text-based affect. We pass the FastText features through a series of temporal

1D convolutions to obtain a latent feature sequence fx € RPXT a5

fx = Conviext (fx§ Wtext) > (6-2)

where Dy is the dimension of the latent features, Convyey+ denotes the series of 1D convolutions

with trainable parameters Wiey:.
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6.3.1.3 Speaker Encoder

For the speaker IDs, we use one-hot vectors f; € {0, 1}8, assuming S is the number of available
speakers. Following Yoon et al. 2020, we use two sets of FC layers to learn an embedding space
capturing the mean pg € RPs and the variance X5 € R?sXDS of the latent distribution of the

speaker styles as

ps = FCy, (f;a WM) (6.3)

log X5 = FCyx, (fs; wy) » (6.4)

where Dj is the dimension of the latent distribution space, FC;, and FCy; denote the two sets of
FC layers, and W), and Wy, denote the corresponding sets of trainable parameters. Intuitively,
this latent distribution space consists of all the available speakers, plus speakers that can be
“constructed” by linear combinations of those speakers in the latent space. As a result, we can
pick a random point from the latent space to use in the synthesis, resulting in some variability
in the synthesized gestures even when the speech remains the same. We term this variability
as having “speaker-aware” styles. Given the parameters ps and Y of latent distribution space,
we use the re-parametrization trick (Kingma and Welling 2019) to generate a random speaker-

aware style sample fs € RPs and repeat it for all the T time steps of the input pose sequence.

6.3.1.4  Affective Encoder

We propose an encoding mechanism that transforms the pose-based affective expressions into

a latent embedding. Since gestures typically consist of movements in the trunk, arms, and head,
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we only consider ten joints corresponding to these parts of the body: root, spine, neck, head, left
and right shoulders, left and right elbows, and left and right wrists. We consider a directed graph
for the pose, where the joints are the vertices, and the edges are directed from the root towards
the extremities. We assume the edge lengths are known for each input and train our encoder
only on the directions of the edges. We consider nine unit-vector sequences U = [uy;. . .; ug],
each of sequence length T, to denote the edge directions at the corresponding T time steps of
the input pose sequence.

We employ a hierarchical encoding strategy using spatial-temporal graph convolutions
(STGCNs) (Yan, Xiong, and Lin 2018). STGCNs are adapted to leverage localized dependencies
in generalized graph-structured data, and are therefore suitable for our pose graph sequences.
We use two levels of hierarchy, the first at the level of individual bones and the second at the
level of the three body parts, the trunk and the two arms. At the first level, our unweighted

adjacency matrix A; € {0,1}7%9*T

captures the temporal counterparts of each edge at the
four nearest time steps (past two and future two), and spatially adjacent edges with a maximum
hop of two, i.e., we consider two edges to be spatially adjacent if they either share a vertex or are
connected to the two ends of a third edge. This size of the adjacent neighborhood sufficiently
groups the edges influenced by typical affective expressions such as arm swings, head jerks, and
upper-body collapse. Consequently, the convolution filters can learn a latent feature sequence
fal e RPa>9%T from the edges based on the variations in the affective expressions, obtained

as

far = STGCN; (U, Ay; Wy, ), (6.5)

where Dy, is the dimension of the per-edge latent features, STGCN; denotes the first-level
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STGCN with trainable parameters Wy,. At the second level, the three body parts, the trunk and
the two arms, capture the macroscopic body movements such as raising or crossing the arms,
and bending or straightening the trunk. In the second-level adjacency matrix Ay € {0, 1}3 X3XT
we assume both the arms to be adjacent to the torso but not to each other, since the movements
on one arm need not influence the other. We again consider the temporal counterparts of each
body part in the four nearest time steps in the temporal adjacency. We reshape the latent fea-
tures fal to 3Dg, x 3 X T, to collect the per-edge features corresponding to the three body parts

in the feature dimension. Our second-level STGCN then operates on these reshaped features to

produce the second-level latent features faz € RPa>3%T 44

~

far = STGONG (fay, A5 Wy ) (6.6)

where Dy, is the dimension of the per-edge latent features, STGCN; denotes the second-level
STGCN with trainable parameters Wy,. We then apply a series of 1D convolutions on the re-
shaped second-level features faz € R3P2*T o obtain the latent affective feature sequence
fa € RPaxT aq

fa= Conv (faz; Wa> , (6.7)

where D, is the dimension of the latent affective features, and Convaﬁr denotes the series of 1D

convolutions with trainable parameters W,,.

6.3.1.5 Gesture Generator

Given the latent feature sequences J}m fx, fs and fa, we concatenate them, pass them through

a bidirectional gated recurrent unit (Bi-GRU), and sum the bidirectional outputs to obtain the
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predicted edge embeddings sequence it € RPeXT as

OUlfyy, OUlpfy, = GRUe (|:fm fx; fs fa] ; We) , (6.8)
Ue = OULf, + OUlpkyy, (6.9)

where D, is the dimension of the predicted edge embeddings, GRU, denotes the bidirectional
GRU with the corresponding set of trainable parameters W,, and out.,, and outyy,, respectively
denote the outputs of the forward and the backward channels of the GRU. As in Yoon et al.
2020, we then transform the predicted edge embeddings to predicted edge vector sequences

U = [ug;...; ug], each of sequence length T, using a set of FC layers as
U = FCgen (ile; Wgen) 5 (610)

where FCgep, denotes the set of FC layers with the trainable parameters Wgep. Thus, our gener-
ator is designed to take in a sequence of seed poses of length T and predicts a pose sequence
of gestures for the next T time steps. Finally, we scale each predicted edge vector u; to have
the corresponding bone length b;, i = 1,...,9. We add it to the 3D position posg; of the source
joint s(i) of that edge vector to obtain 3D position posg(; of the destination joint d (i) of the

same edge vector, as

il'
POs4(iy = posg(iy + bi - m (6.11)
1

154



6.3.2 Discriminating Gestures

Our discriminator takes in a gesture of sequence length T and computes its latent affective

feature sequence fa € RPaxT

using our affective encoder (Section 6.3.1.4). We pass this feature
sequence through another bidirectional GRU, and sum the bidirectional outputs to obtain the

discriminator embeddings sequence d e R"T a5

O“tfrw 0utpyy = GRU gjgc (fa§ WGRU,disc) 5 (6.12)
d= OUfyy + OULpfyy, (6.13)

where Dy is the dimension of the predicted discriminator embeddings, GRU ;. denotes the
bidirectional GRU with trainable parameters WgRry, isc» and OUtfyy and outpy,, respectively de-
note the outputs of the forward and the backward channels of the GRU. We then transform the

discriminator embeddings to a probability vector ¢ € [0, 1] using a set of FC layers as

¢ = FCyisc (d§ WFCdisc> > (6.14)

where FC j;,. denotes the set of FC layers with trainable parameters Wrcy;,., and c is such that

¢ > 0.5 implies the discriminator predicts the input gesture to be real, and generated otherwise.

6.4 Dataset and Training

We train our network on the TED Gesture Dataset (Yoon et al. 2019), which consists of videos
of English-language speakers at TED Talks. It provides 3D pose sequences of the upper-body
gestures of the speakers, their speech audio, and the associated text transcripts. Each data
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Table 6.1: Speech2AffectiveGestures: Network Hyperparameters. We chose all the values
via empirical search.

HP Description Value
D,, Latent feature from the MFCC encoder 32
D, Latent feature from the text encoder 32
D Latent distribution space of speaker styles 16
Dg, Per-edge latent features after STGCNj in the affective encoder 16
D, Per-edge latent features after STGCNj in the affective encoder 16
D, Latent affective features from the affective encoder 16
D, Predicted edge embeddings from the GRU in the generator 150
D, Predicted embeddings from the GRU in the discriminator 150

sample has a sequence length of T = 34 time steps at a rate of 15 fps. There are 200,038 training
samples in total, constituting around 80% of the dataset. The evaluation set consists of 26,903
samples or around 10% of the dataset. The test set consists of 26,245 samples, making up the
remaining 10% of the dataset.

We use loss functions £ and Lp identical to Yoon et al. 2020 to train our generator and

discriminator respectively:

L6 = AaubLHupb + AgenLgen + AstiLst1 + AKLDLKLDs (6.15)

Lp = ~E [log (Disc (U))] - E [1og (1 _ Disc (U))] , (6.16)

where Disc denotes the discriminator network (Section 6.3.2), Ay are the weights of the corre-
sponding loss terms with the same values as in Yoon et al. 2020, and the individual loss terms
of the generator are:

« Huber loss (Huber 1965) between the ground truth and predicted edge vectors,
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 generative adversarial loss on the output of the discriminator,

Lgen = -E [log (Disc (U))] , (6.17)

« diversity regularization between the synthesized gestures and other gestures in the
dataset to ensure that the styles of different speakers appear visually different,
« Kullback-Leibler (KL) divergence between the latent distribution space of the styles
defined by 5 and X5, and the normal distribution N (0, I).
Table 6.1 lists the latent dimensions we use for training our network. We use the Adam opti-
mizer (Kingma and Ba 2014) with 81 = 0.5, 82 = 0.999, batch size of 512, and learning rate of
5£74 for the generator and 1£™* for the discriminator with no warm-up epochs (i.e., Agen > 0
starting from the first epoch). We train our network for 300 epochs, which took close to 45

hours on an NVIDIA GeForce GTX 1080 Ti GPU.

6.5 Experiments

We describe the objective evaluation of our method compared to current baseline methods. We
highlight the benefit of our proposed components via ablation studies on the objective evalu-
ation metrics. We also show the qualitative performance of our method on selected samples
from the TED Gesture Dataset (Yoon et al. 2019) and the perceived quality of our synthesized

gestures through a user study.
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6.5.1 Baseline Methods

We compare our method with the baseline methods on two benchmark datasets, the TED Ges-
ture Dataset (Yoon et al. 2019), and the GENEA Challenge 2020 Dataset (Ferstl and McDonnell
2018b; Kucherenko et al. 2021).

On the TED Gesture Dataset, we compare with the methods of Seq2Seq (Yoon et al. 2019),
Speech to Gestures with Individual Styles (S2G-IS) (Ginosar et al. 2019), Joint Embedding Model
(JEM) (Ahuja and Morency 2019), and Gestures from Trimodal Context (GTC) (Yoon et al. 2020).
Seq2Seq and JEM generate gestures based only on the text transcript of the speech, whereas S2G-
IS uses only the speech to generate the gestures. GTC uses the speech, the corresponding text
transcript, and the speaker styles to generate gestures. Seq2Seq follows an encoder-decoder ar-
chitecture, where the authors transform the text to latent features and predict gestures based on
both the latent features and a short gesture history. The authors of S2G-IS employ a generative
adversarial network that generates gestures from a latent space obtained from the input log-Mel
spectrograms. JEM maps both the text and the target gesture into a common latent embedding
space and uses a decoder to reconstruct the gestures from the embedding space. The authors
train the model to learn to align the text-based and the gesture-based embeddings for the same
input and decode gestures from only the text-based embeddings. For Seq2Seq, S2G-IS, and JEM,
we follow the training routine and the hyperparameters used by Yoon et al. 2020. For GTC, we
directly use the pre-trained model provided by Yoon et al. 2020.

The GENEA Challenge 2020 Dataset is the publicly available version of the Trinity Gesture
Dataset (Ferstl and McDonnell 2018b; Kucherenko et al. 2021). It consists of the speech and the

full-body motion capture of a male actor talking unrestrained about various topics over multiple
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Table 6.2: Speech2AffectiveGestures: Quantitative Comparisons. Evaluation of our
method with baselines and ablated versions of our method on two benchmark dataset, using
the objective metrics of mean absolute joint error (MAJE), mean acceleration difference (MAD),
and the Fréechet Gesture Distance (FGD). Bold indicates best.

Dataset Method MAJE (mm) MAD (mm/s?) FGD
Seq2Seq (Yoon et al. 2019) 45.62 6.33 6.62
TED Ges- S2G-IS (Ginosar et al. 2019) 45.11 7.22 6.73
ture (Yoon JEM (Ahuja and Morency 2019) 48.56 431 5.88
et al. 2019) GTC (Yoon et al. 2020) 27.30 3.20 4.49
Ours w/o MFCC Enc. 27.84 3.02 4.21
Ours w/o Aff. Enc. 25.38 3.51 4.84
Ours 24.49 2.93 3.54
GENEA Gesticulator (Kucherenko et al. 2020) 82.41 3.62 31.04
Chaueng"h Ours w/o MFCC Enc. 105.71 1.57 23.03
2020 (Kucherenkg, ¢ /5 Aff. Enc. 92.90 2.81 24.28
et al. 2021)
Ours 54.93 1.49 20.36

recording sessions. The full dataset is about 242 minutes long, of which 221 minutes are used
as training data, and the remaining 21 minutes are kept for testing. We do not fine-tune our
network on this dataset and evaluate our network on the test partition. Since we consider only
upper-body gestures, we consider the ten relevant upper-body joints at the root, the spine, the
head, and the two arms for evaluating our performance. On this dataset, we compare with
the method of Gesticulator (Kucherenko et al. 2020), which leverages the acoustics and the
semantics of the speech to generate semantically consistent beat, deictic, metaphoric, and iconic
gestures. For a fair comparison, we use the pre-trained model provided by the authors and

compare the performance on the same ten joints that we use for our method.
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6.5.2 Objective Evaluation

While evaluation metrics for gesture synthesis are not standardized, we evaluate on the com-
monly used metrics of mean absolute joint error (MAJE), mean acceleration difference (MAD),
and the Fréchet Gesture Distance (FGD) proposed by Yoon et al. 2020. MAJE measures the mean
of the absolute differences between the ground truth and the predicted joint positions over all
the time steps, joints, and samples. MAD measures the mean ¢,-norm error between the ground
truth and predicted joint accelerations over all the time steps, joints, and samples. FGD measures
the difference between the distributions of the latent features of the ground truth and the pre-
dicted gestures. The latent features are computed from an autoencoder network trained on the
well-known Human 3.6M dataset (Ionescu et al. 2014) of human motions using the ten joints in
the TED Gesture Dataset (Yoon et al. 2019). MAJE indicates how closely the predicted joint po-
sitions follow the ground truth joint positions. MAD indicates how closely the ground truth and
predicted joint movements match. Since affective expressions are based on joint movements, a
lower MAD is especially desirable for our stated aim of generating gestures with appropriate
affective expressions. FGD is shown to align well with the perceived plausibility of the synthe-
sized gestures to human users (Yoon et al. 2020); therefore, a lower FGD is equally desirable to
gauge the quality of our synthesized gestures.

Table 6.2 summarizes the performance of all the methods on all these evaluation metrics.
Our method consistently has the lowest MAJE, MAD, and FGD on both the benchmark datasets.
On the TED Gesture Dataset, we observe improvements of 10.29%, 8.44%, and 21.16% on MAJE,
MAD, and FGD, respectively, over the best current baseline of GTC. On the GENEA Challenge

2020 Dataset, we observe improvements of 33.34%, 58.84%, and 34.41% on MAJE, MAD, and
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FGD, respectively, over the baseline of Gesticulator. We note that the absolute FGD values are
significantly higher on the GENEA Challenge 2020 Dataset than on the TED Gesture Dataset.
We hypothesize that this is because the gestures in the GENEA Challenge 2020 Dataset are
more abstract and unscripted compared to the well-defined actions in the Human 3.6M Dataset
or polished speeches in the TED Gesture Dataset. As a result, the pre-trained latent embeddings
used for FGD are not as good at reconstructing the joints movements in the GENEA Challenge

2020 Dataset.

6.5.3 Ablation Studies

We perform ablation studies on our two proposed components: the MFCC encoder (Section 6.3.1.1)
and the affective encoder (Section 6.3.1.4). In one study, we replace only our MFCC encoder with
an encoder for the raw audio waveform, identical to that of GTC (Yoon et al. 2020), and train the
resultant network. In the other study, we remove the affective encoder from our network. Our
generator takes in the raw seed poses instead of the latent affective features. Our discriminator
uses a convolution filter identical to GTC (Yoon et al. 2020) to transform the input gestures to
latent features for the bidirectional GRU.

Without the MFCC encoder, our generator cannot take the speech-based affective cues
into account. It results in a degradation of the synthesis, leading to higher MAJE, MAD, and
FGD. However, without the affective encoder, our network is severely limited in understanding
both the affective expressions in the seed poses and the affective expressions of the synthesized
poses. It results in more severe performance degradation on all the evaluation metrics, and the

synthesized gestures appear less diverse and plausible.
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Figure 6.3: Speech2AffectiveGestures: Qualitative Comparisons and Ablation Studies.
Qualitative results on the gestures synthesized by our method for two sample speech excerpts
from the TED Gesture Dataset (Yoon et al. 2019). The italicized words very excited and bored
indicate the primary affect in the corresponding speeches. We compare with the corresponding
gestures of the original speakers, the output of GTC (Yoon et al. 2020), and that of the two
ablated versions of our network (Section 6.5.3). See Section 6.5.4 for a detailed discussion of the
results.
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6.5.4 Qualitative Results

We show qualitative results on two sample speech excerpts from the TED Gesture Dataset (Yoon
et al. 2019) in Figure 6.3. It has five rows of gestures: those of the original speakers’, those
synthesized by GTC (Yoon et al. 2020) ( the current state-of-the-art), those by the two ablated
versions of our network: one without our MFCC encoder (Section 6.3.1.1) and the other without
our affective encoder (Section 6.3.1.4), and those by our proposed network with all the encoders.
We observe a diversity of speaker styles in the synthesized gestures compared to the original
speaker, which results from using a variational embedding of speaker styles using the speaker
encoder (Section 6.3.1.3). GTC, however, cannot generate affective expressions except for a

few words with strong intonations in the speech, such as “excited” (second row, left column).
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(b) Synchronization of the movements and the affective expressions of the different types of gestures
with the speech.

Figure 6.4: Speech2AffectiveGestures: Synthesis Quality Scores from the User Study.
Mean fraction of participant responses on each point of the Likert scales across the 12 speech
excerpts from the TED Gesture Dataset (Yoon et al. 2019) and the corresponding gestures in our
user study. See Section 6.5.5 for details.

Without our MFCC encoder, our network can still match the speech content but cannot align
the gestures with the affective cues from the speech. For example, it can match the words “I was,
I believe” with a deictic gesture pointing to the speaker himself (third row, right column) but
cannot generate any expressions for “bored”. Without our affective encoder, we observe only
slight body movements but no appreciable affective expressions in the synthesized gestures.
With all our encoders in place, we observe appropriate affective expressions that align well
with the speech. For example, we observe rapid arm movements when saying “excited” (fifth
row, left column) and dropping of the arms and shoulders when saying “bored” (fifth row, right

column).
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6.5.5 User Study

We conducted a user study to evaluate the perceptual quality of our synthesized gestures in
terms of how plausible they appear and how well-aligned are their affective expressions with
the corresponding speeches. 24 participants took part in our study, of which 20 were male, and
4 were female. 10 participants were between 18 and 24 years of age, 13 were between 25 and
34, and one was above 35. Each participant observed gestures corresponding to the same 12
speech excerpts, each taken from a different TED Talk in the TED Gesture Dataset (Yoon et al.
2019). For each speech excerpt, the participants observed three different types of gestures: that
of the original speaker as a 3D pose sequence (provided in the dataset), those synthesized by
GTC (Yoon et al. 2020), the current state-of-the-art, and those synthesized by our network. The
order of the gestures was unknown to and randomized for each participant. We then asked
the participants to answer two questions. The first question was how plausible the gestures
appeared on a five-point Likert scale ranging from “very unnatural” (1) to “look like they could
be from a real person” (5). The second question was how well the gestures synchronized with
the corresponding speeches on a five-point Likert scale, ranging from “no or arbitrary gestures”
(1) to “well-synchronized with the speech, and are appropriately emotionally expressive” (5).
Intuitively, our Likert-scale points for both questions reflect the participants’ individual assess-
ments of quality, with 1 being the worst, 3 being average, and 5 being the best. The entire study
took around 20 minutes on average for each participant.

We summarize the participants’ responses in Figure 6.4. When adjudging the plausibility
of the gestures (Figure 6.4a), we observe that 15.28% more participants marked our synthesized

gestures either 4 or 5 compared to the gestures synthesized by GTC (Yoon et al. 2020). Further,
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3.82% more participants marked our synthesized gestures 4 or 5 than the original speakers’ ges-
tures, indicating that the participants found our synthesized gestures to have visual quality com-
parable to that of the original data. When adjudging the synchronization of the movements and
the affective expressions of different types of gestures with speech (Figure 6.4b), we observed
that 16.32% more participants marked our synchronization quality either 4 or 5 compared to that
of GTC (Yoon et al. 2020). Also, 4.86% more participants marked out synchronization quality 4
or 5 than that of the original speakers, indicating that the participants perceived our synthesized

gestures to be as well-synchronized and expressive as the original data.

6.6 Conclusion

We have presented an end-to-end learning approach to generate 3D pose sequences of co-speech
gestures with appropriate affective expressions. Our contributions include an MFCC encoder
to guide the gesture synthesis based on the speech-based affective cues such as prosody and
intonation, and an affective encoder to learn joint-based affective features from the gesture
data. Using these encoders in a generative adversarial learning framework, we have synthesized
affective gestures that advance the state-of-the-art on co-speech gesture synthesis on multiple
evaluation metrics. Our synthesized gestures also appeared more plausible and well-synced

with the corresponding speeches to participants in a user study.
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CHAPTER /

Affective Synchronous Co-Speech Face and Gesture Synthesis
Using Adversarial Multimodal Expression Learning

Project Website: https://gamma.umd.edu/s2ue

Abstract

We present a multimodal learning-based method to simultaneously synthesize co-speech facial
expressions and upper-body gestures for virtual agents using RGB video data captured using
commodity cameras. Our approach learns from sparse face landmarks and upper-body joints,
estimated directly from video data, to generate plausible emotive character motions. Given a
speech audio waveform and a token sequence of the speaker’s face landmark motion and body-
joint motion computed from a video, our method synthesizes the full sequence of motions for
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the speaker’s face landmarks and body joints that match the content and the affect of the speech.
To this end, we design a generator consisting of a set of encoders to transform all the inputs
into a multimodal embedding space capturing their correlations, followed by a pair of decoders
to synthesize the desired face and pose motions. To enhance the plausibility of our synthesized
motions, we also use an adversarial discriminator that learns to differentiate between the face
and pose motions computed from the original videos and our synthesized motions based on
their affective expressions. To evaluate our approach, we extend the TED Gesture Dataset to
include view-normalized, co-speech face landmarks in addition to body gestures. Our experi-
mental results demonstrate that our method results in low reconstruction error and produces
synthesized samples with diverse facial expressions and body gestures for virtual agents. We
conduct a web-based user study to evaluate the visual quality of our synthesized samples and
observe that around 88% of participants reported that our virtual agent motions are plausible
and around 62% reported that the face and pose expressions in our samples were collectively
synchronized with the speech. We will release the extended dataset as the TED Gesture+Face

Dataset consisting of 250K samples and the relevant source code.

7.1 Introduction

Spoken communications are a significant component of human-human interactions in every-
day life. Further, human communications through shared digital platforms and virtual spaces
has been steadily rising in many applications, including online learning (Li et al. 2016; Liao
et al. 2019; Simeone et al. 2019), virtual interviewing (Baur et al. 2013), counseling (DeVault et
al. 2014), social robotics (Yoon et al. 2019), automated character designing (Mascarenhas et al.
2018), storyboard visualizing for consumer media (Kucherenko et al. 2020; Watson et al. 2019),
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Figure 7.1: Speech2UnifiedExpressions: Overview. Our method leverages the individual
distributions of the speech audio, the corresponding text transcripts, the speaker’s unique IDs,
and their sparse 3D face landmarks and pose sequences computed from RGB video data. It
learns a multimodal embedding space that captures the correlations between all these inputs
and leverages them to generate expressive face and pose motions for virtual agents that are
synchronized with each other and with the speech.
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and creating large-scale VR worlds such as the metaverse (Oculus 2019) and industry-grade vir-
tual character synthesis platforms such as the Omniverse (NVIDIA n.d.). Simulating immersive
experiences in such digital and virtual applications necessitates the development of plausible
virtual human surrogates with expressive face and body motions. This is a challenging problem
to approach at scale, given the diversity in human expressions and how central these expres-
sions are in human-human interactions (Parkinson, Fischer, and Manstead 2005; Mesquita and
Boiger 2014). The problem becomes even harder when we consider the fact that humans com-
municate by expressing emotions simultaneously through multiple cues or modalities, such as
their speech, facial expressions, and body gestures (Mittal et al. 2020a). The emotional expres-
sions from these different modalities are also synchronous, i.e., they follow the same rhythm
of communication and complement each other to fully convey a sense of presence (Laban and
Ullmann 1971).

In this paper, we consider the problem of synthesizing 3D digital human motions with

synchronous facial expressions and upper-body gestures aligned with given speech audio in-
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puts. Given the speech audio, current approaches in computer graphics, virtual reality (VR),
and Al tackle the sub-problems of “talking heads” (Karras et al. 2017) — synthesizing lip move-
ments and facial expressions given the speech audio, and co-speech gesture synthesis (Yoon et
al. 2020) - synthesizing poses for upper-body gestures, including head motions. However, these
approaches synthesize only one modality, either facial expressions or body gestures. They do not
consider any synchronization between the synthesized modalities, which is crucial for creating
plausible virtual agents (Habibie et al. 2021). The inherent difficulty in synthesizing expressions
synchronized across the different modalities is that such expressions are correlated (Ambady
and Rosenthal 1992; Gunes and Piccardi 2007), e.g., stretching arms and widening eyes in sync
when expressing surprise. In other words, not only is the combined space of the multimodal
expressions very high-dimensional, but only a small fraction of that space corresponds to valid
expressions. Moreover, current approaches generally require specialized data such dense 3D
face scans (Cudeiro et al. 2019) and motion-captured gestures (Busso et al. 2008; Bhattacharya
et al. 2021b) to provide meaningful results. By contrast, our goal is to leverage large-scale video
datasets (Yoon et al. 2019) to develop synchronous co-speech face and pose expressions, with
the aim of synthesizing fully expressive 3D digital humans for democratized use in social VR
environments such as virtual conferences and other metaverse applications.

Apart from the challenges of synthesizing synchronous 3D face and pose expressions from
only video data, a post-hoc or asynchronous combination of separately synthesized expressions
of these modalities at the output is also insufficient as it does not consider their mutual correla-
tion. Instead, we need to develop methods that ensure that these two modalities remain in sync
with each other as well as with the speech audio input.

Plausible synthesis also involves learning the appropriate affect-sensitive representations
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for both the face and the pose modalities. Facial expressions are efficiently captured by facial
landmarks called action units developed from the facial action coding system (FACS) (Ekman
and Friesen 1978). Pose expressions are typically expressed using body movements such as arm
swings, spine posture, and head motions (Kleinsmith and Bianchi-Berthouze 2013). Therefore,
a joint synthesis of the face and pose expressions requires learning the unified, multimodal dis-
tribution of their affect representations. We also need an automated mapping from the input
speech audio to the synchronous facial expressions and body gestures. In practice, a plausible
multimodal mapping needs to be not only one-to-many but also stochastic (Henter, Alexander-
son, and Beskow 2020), to account for the subtle variations among human speakers over time

even when delivering the same speech.

Main Contributions. We present a multimodal learning algorithm to synthesize animated 3D
digital humans with synchronous face and upper-body pose expressions given the correspond-
ing speech audio inputs. We leverage the affective information in the speech audio using fea-
tures learned from the Mel-frequency cepstral coefficients (MFCCs), and semantic embeddings
learned from the corresponding text transcripts. We consider both intra- and inter-speaker
variability by leveraging a set of unique speakers and incorporating stochasticity via random
sampling on a latent space for speakers. We learn latent spaces of affect-aware features for both
the faces and the poses by representing the face landmark and the pose sequences as multi-
level graphs based on the anatomical components (ACs) of the face and the upper body. Our
AC graphs efficiently capture the correlations between the individual face landmarks and body
joints corresponding to different affective expressions of the speakers. We also learn a multi-

modal embedding space that enables us to represent the synchronous face and pose expressions.
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We decode variables from this space to synthesize our desired synchronous face landmark and
pose sequences. We use a discriminator to further improve the plausibility of our synthesizes
sequences based on their synchronous, affective expressions. We perform quantitative and qual-
itative evaluations on the benchmark TED Gesture Dataset (Yoon et al. 2019) that consists of
videos of TED-Talk speakers. The current version of the dataset only consists of 3D joint poses
extracted from videos. Therefore, we append the 3D face landmarks we extract from the videos
to this dataset to perform our experiments as well as enable future research in co-speech face

and pose synthesis. To summarize, our main contributions include:

« Synchronous co-speech face and pose expression synthesis. Our method simultane-
ously synthesizes face and upper-body pose expressions given speech audio as a result of
learning a generative multimodal embedding space and training a discriminator network.
Our synchronous synthesis approach reduces the mean absolute errors on the face land-
marks and the gesture poses by 30% and 21%, respectively compared to the corresponding
baseline talking head and co-speech gesture syntheses models (Yoon et al. 2019; Ginosar
et al. 2019; Ahuja and Morency 2019; Yoon et al. 2020; Bhattacharya et al. 2021a), thereby
indicating measurable benefits over asynchronously combining the synthesized outputs
of the two modalities. We also validate the benefits of synchronous synthesis qualitatively
through a user study.

+ Using data from affordable commodity cameras. In contrast to facial expression syn-
thesis using dense 3D face scans or gesture synthesis from expensive motion-captured
data, our approach only relies on face landmarks and pose joints obtainable from com-

modity hardware such as video cameras. As a result, our method scales affordably to large
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datasets and is applicable in large-scale social VR applications such as virtual conferences.

+ Plausible virtual agent motions and proposed evaluation metric for facial expres-
sions. Through quantitative evaluations and user studies, we verify that our synthesized
facial expressions and body gestures have low reconstruction errors and are satisfactory
to human observers. Our synthesized data has a mean absolute error of 1.8% on the face
landmarks and 0.9% on the poses relative to the scale of the data, and a Frechet Gesture
Distance of 1.79 on the poses. We also propose the Fréchet Landmark Distance to eval-
uate the quality of the synthesized landmarks and observe a value of 15.02. Based on a
five-point Likert scale of responses, 88.89% participants in our user study indicated the
quality of our gestures was at least satisfactory, and 62.87% participants indicated the face
and pose expressions were in sync given the speech.

+ TED Gesture+Face Dataset. We extend the TED Gesture Dataset to include 3D face
landmarks that we extract from the raw videos, denoise, and correct such that the faces
appear front and center and are aligned with the poses. We release this multimodal dataset
of speech audio, 3D face landmarks, and 3D body pose joints as part of our work and the

necessary source code to reuse it.

7.2 Related Work

We briefly review the body of work on perceiving affective expressions from multiple modali-
ties, specifically from faces, speech, and gestures, and also the synthesis of virtual agents with
co-speech face and pose expressions. The literature on synchronous co-speech face and pose
synthesis is extremely sparse, however. We note the work of Habibie et al. 2021, who synthesize
co-speech facial movements and upper-body gestures by training a CNN-based encoder-decoder
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architecture coupled with a discriminator on a video dataset of talk-show hosts. In our work,
we additionally consider affective expressions of the speech and explicitly map them to affective
expressions on the faces and the gestures to improve the plausibility of our synthesis. We also
note that there is a wider body of work on synthesizing standalone emotive virtual agents in
the absence of any input modalities such as speech, and refer the reader to Bhattacharya et al.

2020 for a detailed discourse.

7.2.1 Perceiving Multimodal Affective Expressions

Studies in psychology and affective computing indicate that humans express emotions simulta-
neously through multiple modalities, including facial expressions, prosody and intonations of
the voice, and body gestures (Soleymani, Pantic, and Pun 2012; Mittal et al. 2020a). Methods for
detecting facial expressions (Giannopoulos, Perikos, and Hatzilygeroudis 2018) depend primar-
ily on facial action units, based on FACS (Ekman and Friesen 1978). Method for detecting various
affective vocal patterns commonly use Mel-Frequency Cepstral Coefficients (MFCCs) (Neiberg,
Elenius, and Laskowski 2006). In order to detect emotions from body gestures, current ap-
proaches use physiological features, such as arm swings, spine posture, and head motions that
are either pre-defined (Bhattacharya et al. 2020; Banerjee, Bhattacharya, and Bera 2022) or
learned automatically from the gestures (Bhattacharya et al. 2020). The emotions themselves can
be represented either as discrete categories such as the Ekman emotions (Ekman and Keltner
1970) or as combinations of continuous dimensions, such as the Valence-Arousal-Dominance
(VAD) model (Mehrabian and Russell 1974). In our work, we leverage the current approaches
for detecting facial, vocal, and pose expressions to design our co-speech face and gesture synthe-

sis method. While we do not explicitly consider specific emotions, our representation implicitly
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considers emotions in the continuous VAD space, leading to appropriately expressive face and

pose synthesis.

7.2.2 Synthesizing Co-Speech Virtual Agent Expressions

Existing methods for co-speech virtual agent synthesis have largely explored synthesizing vir-
tual agents with only one modality of emotional expressions, primarily faces and upper-body

gestures.

Co-Speech Facial Expressions. Wang and Soong 2015 compute controllable parameters for syn-
thesizing talking heads with desired facial expressions using a Hidden Markov Model and MFCCs
of the speech audio. Recent techniques aim to automate the facial motions for large-scale syn-
thesis, using generative paradigms such as variational autoencoders (Greenwood, Laycock, and
Matthews 2017) and generative adversarial networks (Sadoughi and Busso 2018). Karras et al.
2017 train a deep neural network to map speech audio to 3D face vertices conditioned on learned
latent features corresponding to different facial expressions. Zhou et al. 2018, on the other hand,
learn sequences of predefined visemes using LSTM networks from the speech audio. Cudeiro
et al. 2019 propose a dataset of 4D face scans and learn per-vertex offsets to synthesize the face
motions given the speech audio. Richard et al. 2021 propose a method to learn co-speech facial
motions using dense face meshes by disentangling speech-correlated and speech-uncorrelated
facial features. Lahiri et al. 2021 focus mainly on the accuracy of the lip movements and use an
auto-regressive learning-based approach to synthesize 3D vertex sequences for the lips that are
synced with the speech audio. In contrast to these approaches, our facial expression synthesis

method uses much sparser 3D face landmarks detected from real-world videos with arbitrary
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orientations and lighting conditions of the faces w.r.t. the cameras, and synthesizes facial and

pose expressions that are mutually coherent.

Co-Speech Gestures. We can consider co-speech gesture synthesis to be a specialized version
of gesture stylization, where the style refers to the pose expressions that are inferred from and
aligned with the speech. Ginosar et al. 2019 propose a method to synthesize speaker-specific co-
speech gestures by training a neural network given their identities and individual gesticulation
patterns. Ferstl, Neff, and McDonnell 2019 additionally propose using adversarial losses in the
training process to improve the fidelity of the synthesized gestures. Yoon et al. 2020 extend
the concept of individualized gestures to a continuous space of speakers to incorporate natural
variability in the synthesized gestures even for the same speaker. Bhattacharya et al. 2021a
build on top of Yoon et al. 2020 to improve the affective expressions in the co-speech gestures.
Our method further extends the approach of Bhattacharya et al. 2021a to condition the gesture

synthesis on both the input speech and the synthesized facial expressions.

7.3 Synchronous Co-Speech Face and Pose Synthesis

Given a speech audio waveform a, the corresponding text transcript w, the speaker’s unique
ID k in a set of speakers K, and the associated seed face landmark deltas f;.7, and seed pose
unit vectors u;.7,, Ts being the number of seed time steps, we synthesize the sequences of face
landmark deltas fi.7 and pose unit vectors uq.1 for the speaker for the T prediction time steps
(T > Ts), matching the content and the affect in their speech and appearing in sync. We now
describe our end-to-end pipeline, including a detailed description of our inputs and outputs and

their usage.
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Figure 7.2: Speech2UnifiedExpressions: Network Architecture for Synchronous Syn-
thesis of Co-Speech Face and Pose Expressions. Our generator encodes all the inputs: the
speech audio, the corresponding test transcript, the speaker ID, and the seed 3D face landmarks
and the seed 3D poses into a multimodal embedding space. It decodes variables from this space
to produce the synchronized sequences of co-speech 3D face landmarks and poses. Our discrim-
inator classifies these synthesized sequences and the corresponding ground-truths (3D motions
of the original speakers), computed directly from the videos, into two different classes based
both on their plausibility and their synchronous expressions. To obtain our rendered 3D virtual
agent motions, we combine the outputs of our generator with our phoneme detector network
and map them to 3D meshes.
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Figure 7.3: Speech2UnifiedExpressions: Face and Pose Encoders and Decoders. We show
their architectures with the layer sizes denoted (details in Sec. 7.3.3.3). Our architectures de-
pend on the hierarchical anatomical component (AC) graphs for both faces and poses that ef-
ficiently learn their corresponding affect representations using spatial-temporal graph convo-
lutions (green nodes and edges), 2D convolutions (teal blocks), 2D batch normalizations (pink
blocks), and fully-connected layers (orange planes).

7.3.1 Face and Pose Preprocessing from Video

Given a video, we use Multi-Task Cascaded CNNs (Zhang et al. 2016a) to extract the 3D face
landmarks. Since the faces can be arbitrarily oriented w.r.t. the camera, we eliminate the relative
camera motion by rigidly transforming the face landmarks per frame to a reference frame in
the normalized view, where the face looks towards the camera. We choose such a frontal view

for the reference frame to maximize the likelihood of all the face landmarks being visible. For
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each frame in the input video, we use the rotation and the translation given by the Umeyama
method (Umeyama 1991) to map the face landmarks in that frame to the face landmarks in the
reference frame. We also use similarly view-normalized 3D poses. View normalization is useful
for two key reasons. First, it eliminates relative camera movements across the frames in the
videos and prevents a learning-based method from confusing camera movements with changes
in the face and pose expressions. Second, because a frontal view offers full and undistorted
visibility of the faces and the poses, it minimizes errors in detecting the 3D face landmarks and

body joints.

7.3.2 Computing Face and Pose Expressions

We consider a reference neutral expression F € RL*3 for each user, L being the number of face
landmarks. To synthesize facial expressions, we compute the relative motion of each landmark

w.r.t. the reference expression. Specifically, we obtain the configuration F; at time step ¢ as

Fi=F +ﬁ, (7.1)

where f; € Rl denotes the set of relative motions of the landmarks w.rt. F at time step t.

On the other hand, we assume the body joints are rigidly connected by the bones. We
represent each user’s body joints as 3D point vectors P € RT3 in a global coordinate space,
where 7 is the number of joints. We consider directed line vectors connecting adjacent joints.
The direction is along the path from the root (pelvis) joint to the end effectors (such as wrists).
These 3D point vectors and line vectors collectively form a directed tree with ¥ nodes and 7 -1

edges. We assume that the magnitudes of these line vectors correspond to the bone lengths
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and that these magnitudes are known and fixed. To synthesize the users’ body gestures, we
compute the orientations of these line vectors at each time step ¢ in the reference frame of the
global coordinate space. Specifically, for each bone b with bone length (magnitude) ||b|| and
connecting the source joint s, (t) to the destination joint dy, (t) at time step ¢, we compute a unit

vector u; such that

Bl
e

dp = sp+ Us. (7.2)

We do not assume any locomotion, i.e., we consider the root joint is fixed at the global origin at

all the time steps.

7.3.3 Synthesizing Faces and Poses

Our network architecture (Fig. 7.2) consists of a phoneme predictor to predict the lip shapes
corresponding to the audio and a generator-discriminator pair to synthesize plausible co-speech
face and pose expressions. Our generator follows a multimodal learning strategy. It consists of
separate encoders to transform the speech audio, the text transcript, the speaker ID, the seed
face landmark deltas, and the seed pose unit vectors into a latent embedding space representing
their correlations. It subsequently synthesizes the appropriate face and pose motions from this
multimodal embedding space. Our discriminator enforces our generator to synthesize plausible
face and pose motions in terms of their affective expressions. To this end, we use the same
encoder architecture for the faces and the poses as in our generator, but learned separately. We

describe each of the components of our generator and discriminator.
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7.3.3.1 Phoneme Predictor

We train a separate network to learn the positions of the lip landmarks for the different phonemes
in the audio. Our synthesis network separately learns the motions of the lip corners denoting
the different facial expressions, and we superpose them to the phoneme-based lip shapes to
complete the lip motions. Our phoneme predictor predicts the 3D positions of all the landmarks
on the inner and the boundaries of the lips over all the T prediction time steps, which we de-
note as py.T inR T 11ip 3 Following prior approaches for synthesizing 3D lip motions (Lahiri
et al. 2021), we design a CNN backbone connected to fully-connected blocks to predict the lip
landmarks from the spectrograms of the speech inputs. Specifically, given the speech audio

waveform a, we compute

p1.7 = PhonemePred (a; OphonemePred) » (7.3)

where OpponemePred represents the trainable parameters.

7.3.3.2 Encoding Speech, Text, and Speaker IDs

We use the Mel-Frequency Cepstral Coefficients (MFCCs) for the speech audio to accurately
capture the affective intonations in the speech, and use an MFCC encoder (Bhattacharya et al.

2021a) to obtain speech-based latent embeddings a € RT*Pe of dimension D, as

a = MFCCEncoder (a; Oprcce) (7.4)

where 6\rcc represents the trainable parameters.
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Similarly, we use the sentiment-aware FastText (Santos, Nedjah, and Macedo Mourelle
2017) embeddings of the words in the transcript and a convolution-based text encoder to obtain

the text-based latent embeddings w € RT*P

w of dimensions D,, as

w = TextEncoder (w; Otext) , (7.5)

where fiext represents the trainable parameters.

We also represent the speaker IDs k € {0, l}K as one-hot vectors for a total of K speakers

and use a speaker encoder to obtain the parameters ;i € RPk and ¥ € R?kXDk of a latent
distribution space of dimension Dy as
W 2 = SpeakerEncoder (k; Hspeaker) , (7.6)

where Ogpeqier Tepresents the trainable parameters. The latent distribution space enables us
to sample a random vector k representing a speaker who is an arbitrary combination of the
K speakers in the dataset. This allows for variations in the synthesized motions even for the
same original speaker by slightly perturbing their speaker IDs in the latent distribution space,
leading to more plausible results on multiple runs of our network. To learn faces and poses with
appropriate expressions, we represent them as multi-scale graphs and encode them using graph

convolutional networks.
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7.3.3.3 Encoding Affective Expressions

The face landmarks we use are based on action units developed from the facial action cod-
ing system (FACS). We represent the sequence of 3D landmarks f.1, € RTsXEX3 a5 a spatial-
temporal graph. Spatially, we consider landmarks belonging to the same anatomical component
(Sec. 7.3.2) and nearest landmarks across different anatomical components to be adjacent. Tem-
porally, all landmarks are adjacent to their temporal counterparts (same nodes at different time
steps) within a predetermined time window. We consider the eyes, the nose, the lips, and the
lower jaw as the anatomical components. We show the face landmarks graph in Fig. 7.3a with all
the intra- and inter-anatomical-component adjacencies marked with lines. We apply a sequence
of spatial-temporal graph convolutions on this graph to learn from the localized motions of the

landmarks and obtain embeddings f € REXLXDr of feature dimension Dy as

f= STGCNy <f1:TS; QSTGCNf> , (7.7)

where OsTGeN  Tepresents the trainable parameters. From the landmarks graph, we obtain a
face anatomy graph, where we consider the nodes to represent entire anatomical components
and the graph to be fully connected. To compute such a graph, we append the features of intra-
anatomical-component nodes in the graph into collated features [ & RE*ExmDy - where L;
denotes the number of anatomical components and n; denotes the number of landmark nodes
within each anatomical component. We take n; to be the number of nodes in the anatomical
component with the most landmarks and perform zero padding as appropriate to obtain the full

collated features for the other components. This hierarchically pooled representation provides
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a “higher-level” view of the face and helps our network learn from the correlations between
the motions of the different anatomical components. Specifically, we use another set of spatial-
temporal graph convolutions to obtain the embeddings I € RTs*LiXDr of feature dimension D;
as

1= STGCN; (l, QSTGCN1> , (7.8)

where Os1GeN, represents the trainable parameters. Collectively, the landmarks graph and the
face anatomy graph provide complementary information to our network to encode and syn-
thesize the required facial expressions at both the macro (anatomy) and the micro (landmark)
levels. To complete our encoding, we flatten out the features of all the anatomical components
in ?, i.e., reshaping such that 1 € RTs<LiDy , and transform them using standard convolutional
layers on the flattened feature channel and the temporal channel separately. This gives us our

RTXDZ

latent space embeddings le as

1= COl’lVTz (COHVSI (?, QCOHVS]) §0C0anj> , (7.9

where 9C0nvS~l and 9Coanj represent the trainable parameters.

For the pose representation, we consider a pose graph of the upper body with 7 -1 bones
represented with line vectors u;.7, (Fig. 7.3b). We consider bones connected to each other or
connected through a third bone to be adjacent. We use a set of spatial-temporal graph convo-
lutions to leverage the localized motions of these bones and obtain embeddings & € RTs*Pu of
feature dimension Dy, as

i = STGCNy, (u1.7,: 0STGON, ) - (7.10)
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where OsTGeN, represents the trainable parameters. Similar to the face landmarks, we also
consider a hierarchically pooled representation of the bones v € RTsXLi*nDu where Li=3
are the three anatomical components, the torso and the two arms, represented as single nodes
each consisting of n; nodes from the pose graph. In the pose anatomy graph, we consider the
two arms to be adjacent to the torso but not to each other, as they can move independently. We
apply a second set of spatial-temporal graph convolutions on the collated features v to obtain

the embeddings ¥ € RTs*Li*Dv g5

v = STGCN,, (v;fstGen, ) (7.11)

where OsTGen, represents the trainable parameters. To subsequently obtain the latent space
embeddings v € RT*P%, we apply separate spatial and temporal convolutions on the flattened

RTsx LD

graph-convolved features v € v, as

v = ConvTy (COHVS{, ({1; QCOHVS{,) UgCoan;,) , (7.12)

where Oconys, and Oconyt, represent the trainable parameters.

7.3.3.4 Synthesizing Synchronous Face and Pose Motions

Our synchronous synthesis relies on learning the multimodal distributions of the individual
modalities of audio, text, speaker ID, face expressions, and pose expressions given their individ-
ual distributions. To this end, we append all the latent space embeddings — a for the audio, w

for the text, k for the random speaker representation, repeated over all the T time steps, 1 for the
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RT*H representing a multimodal

seed landmarks and v for the seed poses — into a vector e €
embedding space of all the inputs. Here, H = Dg + Dy + Dy + D; + D, denotes the latent space di-
mension. On training, our network learns the correlations between the different inputs in this

multimodal embedding space. To synthesize our face landmark motions fj.7 € RTXLX3,

we
apply separate spatial and temporal convolutions on the multimodal embeddings e to capture

localized dependencies between the feature values followed by fully-connected layers capturing

all the dependencies between the feature values (Fig. 7.3c), as

fi.T = FCf@ <C0nVSfé (COHVTf@ (@; HCOHVTfé> ;QCOI’IVSfE> ;GFCﬁ> , (7.13)

where OconvT o OConvs oo and Ogc fe Tepresent the trainable parameters. The output fi.7 from
the fully-connected layers has shape T x 3L, which we reshape into T x L x 3 to get our desired
3D face landmark sequences.

We similarly synthesize the line vectors uj,p € RT*(J-1)x3 using separate spatial and
temporal convolutions on the multimodal embeddings e, followed by fully-connected layers

(Fig. 7.3d), as

up. = FCyp (ConvS,; (ConvT; (& 0convt,,) s Oconvs,,) s 0FC,, ) - (7.14)

where OconyT,;» OConvs,,» and Opc , represent the trainable parameters. Given the synthesized
face and pose motions, we use our discriminator to determine how well their affective expres-
sions match that of the corresponding ground-truths in the training data. We obtain our ground-

truths as the 3D face landmarks and the 3D pose sequences computed from the full training
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video data.

7.3.3.5 Determining Plausibility Using Discriminator

Our discriminator takes in the synchronously synthesized face motions f;.7 and pose motions
uq.1, and encodes them using encoders with the same architecture as our generator (Sec. 7.3.3.3),
with only the number of input time steps being T instead of Ts. This gives us the corresponding
latent space embeddings I and . Similar to our generator, we concatenate these embeddings

into a multimodal embedding vector ¢ € RT* (Dy+D3)

. But different from our generator, we
pass these multimodal embeddings through a fully-connected classifier network FC ;. to obtain

class probabilities cyi5. € [0, 1] per sample, as

cise = FCaise (& OFCy.) » (7.15)

where Opc,. represents the trainable parameters. We train our discriminator to perform un-
weighted binary classification between the synthesized face and pose motions and their corre-
sponding ground-truths. By contrast, our generator attempts to make our discriminator predict
the same class for both the synthesized and the ground-truth samples, i.e., synthesizing them
to be as close as possible to the ground-truth samples in terms of their synchronous affective
expressions. We provide the details of our training loss functions and our overall training and

testing procedures in Sec. 7.5.
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7.4 TED Gesture+Face Dataset

We present our TED Gesture+Face Dataset that we use to train and test our network. We elab-

orate on collecting and processing our dataset for training and testing.

Dataset Collection. The original TED Gesture Dataset (Yoon et al. 2019) consists of videos of
TED talk speakers together with text transcripts of their speeches, and their 3D body poses
extracted in a global frame of reference. The topics range from personal and professional expe-
riences to discourses on educational topics and instructional and motivational storytelling. The
speakers themselves come from a wide variety of social, cultural, and economic backgrounds,

and are diverse in age, gender, and physical abilities.

Dataset Processing. 'The 3D poses in the original TED Gesture Dataset (Yoon et al. 2019) are
view-normalized to face front and center at all time steps. We compute similarly view-normalized
3D face landmarks of the speakers (Sec. 7.3.1). Similar to the original TED dataset, we divide
the 3D pose and face landmark sequences into equally-sized chunks of size T = 34 time steps at
a rate of 15 fps. Additionally, to reduce the jitter in the predicted 3D face landmarks and pose
joints from each video, we sample a set of “anchor” frames at a rate of 5 fps and perform bicubic
interpolation to compute the face landmark and pose joint values in the remaining frames. We
use the first 4 time steps of pose and face landmarks as our seed values (Sec. 7.3.3), and pre-
dict the next 30 time steps. The processed dataset consists of 200,038 training samples, 26,903

validation samples, and 26,245 test samples, following a split of 80%-10%-10%.
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7.5 Training, Testing, and VR Interfacing

We train our phoneme predictor network using reconstruction losses for the lip shapes. We
train our synthesis network using a combination of reconstruction losses for the face and the
pose motions, the cross-speaker diversity loss to enforce visual differences in expressions across
speakers, and the generative adversarial loss for added regularization. We describe these loss

functions, and our training and testing procedures.

7.5.1 Phoneme Predictor Losses

We represent our phoneme predictor loss as the robust /1-norm reconstruction loss between
the ground-truth and the synthesized lip landmark positions and velocities over the prediction
time steps T, as

, (7.16)

AtngT) B Atpgsn) 1

+
1

T
Lon= 2 17 - p™
-1

where the superscripts (GT) and (sn), respectively, denote the ground-truth and the synthesized

data. A; denotes the discrete forward difference between adjacent time steps t and t — 1.

7.5.2 Synchronous Synthesis Network Losses

We use reconstruction losses to robustly align the outputs of our generator with the corre-
sponding ground-truth face and pose motions. We use the generative adversarial loss to ensure
that the synthesized motions are plausible, the affective expressions match the corresponding

ground-truths, and prevent the mode collapse of only synthesizing singular expressions.

187



Table 7.1: Speech2UnifiedExpressions: Quantitative Evaluations. Comparison with exist-
ing co-speech gesture synthesis methods and our ablated versions (Sec. 7.6.1) on the metrics
MALE (in mm), MAJE (in mm), MACE for landmarks (MAcE-LM) (in mm/s?), MACE for poses
(MACE-P) (in mm/s?), FLD, and FGD (Sec. 7.6.2). Lower values are better, bold indicates best,
and underline indicates second-best.

Method MALE MAJE MACE-LM MACE-P FLD FGD
Seq2Seq (Yoon et al. 2019) - 45.62 - 6.33 - 6.62
S2G-IS (Ginosar et al. 2019) - 45.11 - 7.22 - 673
JEM (Ahuja and Morency 2019) - 4856 - 431 - 5.88
GTC (Yoon et al. 2020) - 27.30 - 3.20 - 449
Speech2AffectiveGestures (Bhattacharya et al. 2021a) - 2449 - 2.93 - 3.54
Ours w/o Face Synthesis - 2832 - 3.89 - 4.01
Ours w/o Pose Synthesis 11.76 - 9.38 - 22.65 -
Ours w/o Vel.+Acc. Losses 26.33 2441 21.69 7.58 27.54 7.72
Ours w/o Discriminator 14.62  27.40 13.44 11.60 31.93 8.79
Ours w/o Face AC Graph 13.05 25.97 14.24 2.74 25.61 2.25
Ours w/o Pose AC Graph 11.84  25.46 8.12 13.88 19.23 6.94
Ours w/o Synchronous Synthesis 10.72  25.03 7.83 322 18.03 3.92
Ours 9.00 18.36 6.34 2.52 15.02 1.79

7.5.2.1 Reconstruction Losses

We write our reconstruction losses as the /1-norm difference between the ground-truth and the

synthesized face and pose positions and motions over the T prediction time steps, as

7)EGT) _ P§sn)

+
1

1

)

A t ugGT) - A t ugsn)

T
LRec = Z H‘FgGT) - f-lgsn)
t=1

u(tGT) B ugsn)

+ Avel (‘ ﬁ(GT) _ﬁ‘(sn)

+
1

+ Aace (HAt t(GT) - Atft sn)

+
1

1) , (7.17)

where A and \,cc are the relative weighting factors. We use the velocity and the acceleration

losses to enforce smoothness in the synthesized motions by reducing jitters.
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7.5.2.2  Cross-Speaker Diversity Loss

Our cross-speaker diversity loss Lcsp follows that of (Yoon et al. 2020), consisting of a ranking
loss between the ground-truth face and pose motions, and the synthesized face and pose motions
using the same speaker as the ground-truth (positive example) and a randomly chosen different

speaker (negative example).

7.5.2.3 Generative Adversarial Loss

The generative adversarial loss consists of opposing losses Lgep for the generator and Lp;g for
the discriminator, following a min-max optimization strategy (Goodfellow et al. 2014). We write

these losses as

Léon = -E [log (cggc)} , (7.18)
Lpis = E |log (c§T, )| - B [log (1 - ¢§3,)]. (7.19)

where cg;. denotes the output of our discriminator network (Eq. 15). This loss adds plausibil-
ity to our synthesized samples by enforcing them to have similar affective expressions as the

corresponding ground-truth samples.

7.5.3 Training Procedure

We train our phoneme predictor network using the Adam optimizer (Kingma and Ba 2014) with
b1 = 0.5, By = 0.999, a batch size of 1024, and a learning rate of 1073 for 500 epochs. We
train our synthesis network using the Adam optimizer (Kingma and Ba 2014) with 3; = 0.5,
B2 = 0.999, a batch size of 256, and learning rates of 10™* for our generator and 5 X 107> for
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we were all sort of excited was very sorry to tell me
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Figure 7.4: Speech2UnifiedExpressions: Qualitative Results. We show snapshots from two
of our synthesized samples, showing the text transcript of the speech and the corresponding
face and pose expressions (row 1). We also zoom in on the eyebrow (row 2) and lip (row 3)
expressions for better visualization. We observe a smile, raised eyebrows, and stretched arms
(left) for the word ‘excited’. By contrast, we observe frowns on the eyebrows and lips (right) for
the words ‘very sorry’.

Face + Pose

Lips Eyebrows

our discriminator, both decayed by a factor of 0.999 per epoch, for 1000 epochs. We train both
our phoneme detector network and our synthesis network on an NVIDIA GeForce RTX 2080 Ti

GPU, which takes 3 seconds and 7 seconds per epoch respectively.

7.5.4 Testing Procedure and Mapping to Virtual Agents

Each test sample for our network consists of a speech audio waveform, the corresponding text
transcript, a speaker ID, and the speaker’s seed face and pose motions. Our phoneme predictor
network provides the lip sync for the given speech audio and the generator of our synthesis
network provides the required face and pose motions. We superpose the lip landmarks given
by our phoneme predictor network with the lip corner landmarks given by our generator at each
prediction time step to obtain the complete lip motions of the speaker. We map these motions
to a rigged 3D human upper-body mesh in Blender. For mapping the face motions, we set a
one-to-one mapping between our face landmarks and the landmarks on the face of the human

mesh, and use them as control points for the facial motions of the mesh. For mapping the pose

190



motions, we use FABRIK (Aristidou and Lasenby 2011) to obtain the joint rotations given our

predicted joint positions and use those rotations to animate the rigged human mesh.

7.5.5 Interfacing with the VR Environment

Given an input speech audio, we can synthesize the motions for our pre-rigged virtual agents
at an interactive rate of about 250 frames per second on an NVIDIA GeForce RTX 2080 Ti GPU.
We design our VR environment using Blender. For each of our virtual agents, we place them on
a stage and position the camera such that it looks front and center at the agent. As the virtual
agent narrates the input speech audio using our synthesized face and upper-body expressions,
we slowly pan the camera in to get a more focused view of those expressions. Since we do not
synthesize any lower-body motions, our virtual agents stay standing at their initial positions

during the entire narration. The full video demos are available in our project website.

7.6 Experiments and Results

We run quantitative experiments using ablated versions of our approach as baselines. However,
we are unable to report a direct comparison with Habibie et al. 2021 as their code is currently

unavailable.

7.6.1 Baselines

We use seven ablated versions of our approach as baselines. The first two ablations correspond-
ingly remove the entire face (Figs. 7.3a,7.3c) and pose components (Figs. 7.3b,7.3d) from our net-
work, leading to our network learning only talking head and only co-speech gesture syntheses.

The third ablation removes the velocity and the acceleration losses from our reconstruction loss
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(Eqn. (7.17)), leading to jittery motions. The fourth ablation removes the discriminator and its
associated losses (Eqn. (7.19)) from our training pipeline, leading to less stable motions without
appreciable expressions. The fifth and the sixth ablations correspondingly remove the “higher-
level” anatomical component (AC) graphs of the faces (Eqn. (7.8)) and the poses (Eqn. (7.11)),
leading to reduced movements. The final ablation trains the face and the pose expressions sep-
arately, learning marginal embeddings for the two modalities based on the speech but not at-
tending to their mutual synchronization. This ablation is a direct evaluation of the co-speech
motions when combining separately synthesized face and pose expressions. For completeness,
we also compare with co-speech gesture synthesis methods that use similar upper-body pose

representations as ours. We evaluate all the methods on our TED Gesture+Face Dataset.

7.6.2 Evaluation Metrics

Inspired by the prior work of Yoon et al. 2020, we evaluate using four reconstruction errors and
two plausibility errors (PEs). Our reconstruction errors include the mean absolute landmark
error (MALE) for the faces, the mean absolute joint error (MAJE) for the poses, and their re-
spective mean acceleration errors (MAcEs). MALE and MAJE indicate the overall fidelity of the
synthesized samples w.r.t. the corresponding ground-truths, and the MAcEs indicate whether
or not the synthesized landmarks and poses have regressed to their mean absolute positions.
To report these metrics, we multiply our ground-truth and synthesized samples by a constant
scaling factor such that they all lie inside a bounding box of diagonal length 1 m. For our PE,
we use the Fréchet Gesture Distance (FGD) designed by Yoon et al. 2020 to indicate the per-
ceived plausibility of the synthesized poses. To similarly indicate the perceived plausibility of

the synthesized face landmarks, we also design the Fréchet Landmark Distance (FLD). We train
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Figure 7.5: Speech2UnifiedExpressions: Qualitative Comparisons. For the same input
speech, represented by the text transcript at the top, we compare the visual quality of our syn-
thesized virtual agent motions with the original speaker motions and three of our ablated ver-
sions: one without synchronous face and pose synthesis, one without our anatomical compo-
nent (AC) graphs for faces and poses, and one without our discriminator. We observe that our
synthesized motions are visually the closest to the original speaker motions compared to the
ablated versions. We elaborate on their visual qualities in Sec. 7.6.4.

an autoencoder network to reconstruct the full set of face landmarks at all time steps for all
the samples in the training set of our TED Gesture+Face Dataset. To compute FLD, we then
obtain the Fréchet Inception Distance (Heusel et al. 2017) between the encoded features of the
ground-truth and the synthesized samples.

7.6.3 Quantitative Evaluations

We show our quantitative evaluations in Table 7.1.
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Comparison with Co-Speech Gesture Synthesis. Since co-speech gesture synthesis methods do
not synthesize face expressions, we leave their corresponding numbers blank. For these meth-
ods, we have taken the numbers reported by Bhattacharya et al. 2021a. However, we were unable
to perform similar comparative evaluations with co-speech face synthesis methods as existing
methods synthesize dense landmarks (Karras et al. 2017) or blendshape-like features (Cudeiro

et al. 2019), which cannot be mapped one-to-one with our sparser face landmarks.

Comparison with Ablated Versions Removing either the face or the gesture components of our
network leads to poorer values across the board compared to using both of them. Without
the velocity and acceleration losses, the motions are jittery, and the MACE losses are higher,
especially MACE for the face landmarks. Without the discriminator, the synthesized samples
suffer from mode collapse and often produce implausible motions, leading to higher values
across the board. Without the AC graphs, there are fewer movements in the synthesized and
the reconstruction errors are higher. When synthesizing face and pose expressions separately
and not synchronizing them, we observe some mismatches in when the expressions from either
modality appear and how intense they are. This indicates that synchronous synthesis of facial
expressions and body gestures leads to more accurate and plausible movements for both the
modalities, including a 30% improvement on MALE and a 21% improvement on MAJE, compared

to trivially combining synthesized outputs of the individual modalities.

7.6.4 Qualitative Comparisons

We visualize a few of our synthesized samples in Fig. 7.4, where we can observe the synchroniza-

tion between the face and the pose expressions for two contrasting emotions. We also visually
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Table 7.2: Speech2UnifiedExpressions: Likert-Scale Score Statistics from User Study.
We compute the mean and the standard deviation of the Likert-scale scores across all the mo-
tions. For the mean scores, higher values are better, bold indicates best, and underline indicates
second-best.

Synthesis type Plausibility Synchronization

Mean St.Dev. Mean St. Dev.

Original Speaker 3.25 0.90  3.10 1.34

Set 1 Ours 3.27 0.86  3.15 1.32
w/o AC Graphs 2.61 1.14 248 1.38

w/o Disc. 2.79 1.02  2.02 1.30
Original Speaker 2.99 0.80 2.79 1.08

Set 2 Ours 3.01 0.82  2.79 1.07
w/o Synchronous Synthesis ~ 2.41 0.78  1.79 0.88

compare with the original speaker motions rendered using their face landmarks and the poses
extracted from the videos, and three of our ablated versions in Fig. 7.5. The original speaker
motions provide an “upper bound” of our performance. The three ablated versions we compare
with are: one without the synchronous synthesis, one without our face and pose AC graphs,
and one without our discriminator. The ablated versions without either the face or the pose syn-
thesis, without the velocity and acceleration losses, and without our discriminator are visually
inferior in obvious ways. Without either face or pose synthesis, that modality remains static
while the other one moves. Without the velocity and the acceleration losses, the overall motions
regress to the mean pose. Without our discriminator, our generator often fails to understand
plausible movement patterns, leading to unnatural limb and body shapes. Of these, we only
keep the ablations without our discriminator as our “lower bound” baseline because, unlike the

other two, this ablation has visible movements in both the face and the pose modalities.
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7.7 User Study

We conducted a web-based user study to evaluate the visual quality of our synthesized motions

in terms of their plausibility and synchronization.

Setup. A total of 90 participants participated in our user study. All participants were aged 18
years or older, and had normal or corrected to normal vision and hearing. Each participant ob-
served two sets of virtual agent motions. There were eight groups of motions in each set, each
group having a unique input speech. In the first set, there were four types of motions in each
group corresponding to the same speech: the original speaker motions rendered using their
face landmarks and the poses extracted from the video, and motions rendered using the face
landmarks and poses synthesized by our network and two of its ablated versions. One ablated
version was without using the face and pose anatomical component (AC) graphs for training,
and one without our discriminator. In the second set, there were three types of motions in each
group corresponding to the same speech: the original speaker motions, motions rendered us-
ing the face landmarks and poses synthesized by our network, and the ablated version using
asynchronously synthesized faces and poses. Our motivation to separately compare with the
asynchronously synthesized motions was to eliminate distractors from other motions and en-
able our participants to focus more closely on the synchronization between the face and the
pose expressions. We randomized the order of these motions in each group in each set and kept
the order unknown to the participants. We did not present our other ablated versions to the

participants as they did not have sufficient motion and were visually inferior in obvious ways.
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(d) Set 2: Synchronization between the face
and the pose expressions given the speech.
We again obverse clear preferences for the mo-
tions of the original speakers and our synthesized
agents compared to the ablated version without
synchronous synthesis. However, in contrast to
the same study in set 1, we notice the modes of
the distributions for the first two types of mo-
tions are one point lower on the Likert scale,
whereas the mode for the ablated version remains
on “no/arbitrary movements”. We hypothesize
this to be the consequence of removing the other
ablated versions from the participants’ cognitive
window: in the absence of other variants, the par-
ticipants focused more closely on the relative qual-
ities of asynchronous vs. synchronous motions
and assessed them more critically.

Figure 7.6: Speech2UnifiedExpressions: Synthesis Quality Scores from the User Study.
Likert-scale response distributions to the two sets of motions rendered using the five different
types of face landmark and pose data (Sec. 7.7). We show the distributions of each of the five
Likert-scale points for each type of motion as a percentage of the total responses across all the

groups in each set.

Evaluation Process.

Our aim in the user study is to evaluate our synthesized motions on two

key aspects: (i) how plausible they appear to human observers compared to the motions of the

original speakers and the ablated versions, and (ii) whether synchronous synthesis of face and
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Figure 7.7: Speech2UnifiedExpressions: Cumulative Lower-Bound of Participant Re-
sponses. We plot the cumulative lower-bound (LB) percentage of responses across the Likert-
scale scores for each type of virtual agent motion in each set. A cumulative LB percentage X
for a Likert-scale score s denotes X% of responses had a score of s or higher. We observe that
the curve for our synchronously synthesized motions stays at the top, indicating that the par-
ticipants preferred it over the other motions.

pose expressions produces perceptible improvements over asynchronous synthesis. To evaluate
plausibility, we ask the participants to rate each motion in each group in each set on “how
natural the motion looks” on a five-point Likert scale, with the options “very unnatural” (worst),
“not realistic”, “looks OK” (average), “looks good”, and “looks great” (best). To evaluate the effect
of synchronous synthesis, we ask the participants to observe the face and the pose movements
in each motion in each group in each set and rate them on “how the face and the pose sync with
the speech” on a five-point Likert scale, with the options “no/arbitrary movements” (worst),
“slight movements”, “has movements, but are not expressive” (average), “somewhat expressive

movements”, and “have movements with appropriate expressions” (best).

Results. Since we randomly select the speech for each of the eight groups of motions each
participant watched, and we also randomized the order of the motions in each group in each

set, we can consider the participants’ responses in each group to be independent of all the other
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groups. Thus, we aggregate their responses to each type of motion across all the groups within
a set to obtain the overall distributions of the Likert-scale scores of the motions for that set. We
show these distributions for each of the two questions on plausibility and synchronization in
each set in Fig. 7.6. We also report the Likert-scale score statistics for each type of motion on the
two questions in each set in Table 7.2. For the purpose of scoring, we assign scores 1 through
5, with 1 for “worst” and 5 for “best”. We observe that the scores for our synthesized samples
are comparable to the corresponding original speaker motions and significantly better than
the ablated versions. To further affirm this, we plot the cumulative lower bound of participant
responses for each Likert-scale score for each type of motion in each set in Fig. 7.7. We note that
the scores for our synchronously synthesized samples remain close to the original speaker scores
and consistently above the other ablated versions, indicating a clear preference. Overall, in the
two sets, 88.89% and 80.00% participants respectively marked our synchronously synthesized
motions 3 or above on the first question, and 65.46% and 62.87% participants respectively marked
3 or above on the second question. This indicates that the majority of participants found the

motions satisfactory.

7.8 Conclusion

We have presented a method to synthesize synchronous co-speech face and pose expressions for
3D virtual agents. Our method learns to synthesize these expressions from 3D face landmarks
and 3D upper-body pose joints computed directly from videos. It is based on a generative adver-
sarial neural network architecture consisting of a generator and a discriminator. Our generator
encodes the individual speaker styles and the affective contents in the faces, poses, and speech
into a multimodal embedding space and decodes variables from that space into synchronous face
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and pose expressions. Our discriminator further improves the plausibility of our synthesized
expressions by suppressing unnatural face and pose motions and ensuring that the synthesized
expressions are similar to those of the original speakers. We evaluate our method quantitatively
and qualitatively and show that it can synthesize plausible and diverse samples given the speech
audio inputs. We also release an extended TED Gesture+Face Dataset to enable further research

in this domain.
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CHAPTER 8

Use Case 1: Detecting Highlights from Human-Centric Videos

Abstract

We present a domain- and user-preference-agnostic approach to detect highlightable excerpts
from human-centric videos. Our method works on the graph-based representation of multi-
ple observable human-centric modalities in the videos, such as poses and faces. We use an
autoencoder network equipped with spatial-temporal graph convolutions to detect human ac-
tivities and interactions based on these modalities. We train our network to map the activity-
and interaction-based latent structural representations of the different modalities to per-frame
highlight scores based on the representativeness of the frames. We use these scores to com-
pute which frames to highlight and stitch contiguous frames to produce the excerpts. We train
our network on the large-scale AVA-Kinetics action dataset and evaluate it on four benchmark
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video highlight datasets: DSH, TVSum, PHD?, and SumMe. We observe a 4-12% improvement
in the mean average precision of matching the human-annotated highlights over state-of-the-art
methods in these datasets, without requiring any user-provided preferences or dataset-specific

fine-tuning.

8.1 Introduction

We now turn our attention to a use-case for our proposed methods for affect detection and
synthesis from human body expressions in the area of video highlight detection. Specifically, we
consider the problem of highlight detection from human-centric videos. Human-centric videos
focus on human activities, tasks, and emotions (Zeng 2020; Vicol et al. 2018). These videos
form a major part of the rapidly growing volume of online media (Cisco 2020), coming from
multiple domains, such as amateur sports and performances, lectures, tutorials, video weblogs
(vlogs), and individual or group activities, e.g., cookouts and holiday trips. However, unedited
human-centric videos also tend to contain large chunks of irrelevant and uninteresting content,
requiring them to be edited for efficient browsing (Sun, Farhadi, and Seitz 2014).

To address this problem, researchers have developed multiple techniques for detecting
highlightable excerpts and summarizing videos (Molino and Gygli 2018; Xiong et al. 2019;
Rochan et al. 2020; Zhang et al. 2016b; Rochan, Ye, and Wang 2018; Zhou, Qiao, and Xiang
2018). Given unedited footage, highlight detection obtains the moments of interest, and sum-
marization computes the most relevant and representative set of excerpts. Detecting effective
highlights not only expedites browsing, but also improves the chances of those highlights be-
ing shared and recommended (Xiong et al. 2019). Current methods can learn to detect these
excerpts given annotated highlights (Sun, Farhadi, and Seitz 2014; Molino and Gygli 2018), or
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Figure 8.1: HighlightMe: Overview. Our method leverages multiple human-centric modal-
ities, e.g., body poses and faces, observable in videos focusing on human activities, to detect
highlights. We use a 2D or 3D interconnected point representation of each modality to con-
struct a spatial-temporal graph representation to compute the highlight scores.

sets of exemplars for different highlight categories, e.g., learning from skiing images to detect
skiing excerpts from videos (Kim, Sigal, and Xing 2014; Kim et al. 2018). Other methods ob-
viate the need for supervision by learning the representativeness of each frame or shot with
respect to the original video (Mahasseni, Lam, and Todorovic 2017) and exploiting video meta-
data such as duration (Xiong et al. 2019) and relevance of shots (Zhou, Qiao, and Xiang 2018;
Zhang, Grauman, and Sha 2018). All these methods either assume or benefit from some domain-
specific knowledge of the unedited footage, e.g., running and jumping may be more relevant in
a parkour video, whereas sliding maneuvers may be more relevant in a skiing video. Alternative
methods do not consider domain-specific knowledge but consider the pre-recorded preferences
of multiple users instead to detect personalized highlights (Rochan et al. 2020).

Whether they assume domain-specific knowledge or user-preferences, existing methods

work in the 2D image space of the frames or shots constituting the videos. State-of-the-art
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image-based networks can learn rich semantic features capturing the interrelations between the
various detected objects in the images, leading to efficient highlight detection. However, these
approaches do not explicitly model human activities or inter-person interactions that are the
primary focus of human-centric videos. Developing methods for human-centric videos, mean-
while, has been essential for a variety of tasks, including expression and emotion recognition (Li
and Deng 2020; Bhattacharya et al. 2020; Mittal et al. 2020a), activity recognition (Yan, Xiong,
and Lin 2018), scene understanding (Vicol et al. 2018; Li et al. 2020), crowd analysis (Wang et al.
2020), video super-resolution (Li et al. 2020), and text-based video grounding (Tang et al. 2021).
These methods show that human-centric videos need to be treated separately from generic
videos, by leveraging human-centric modalities such as poses and faces. Therefore, there is
both the scope and the need to bring the machineries of human-centric video understanding to
the task of highlight detection as well.

Main contributions. We develop an end-to-end learning system that detects highlights
from human-centric videos without requiring domain-specific knowledge, highlight annota-
tions, or exemplars. Our approach utilizes the human activities and interactions that are ex-
pressed through multiple sensory channels or modalities, including faces, eyes, voices, body
poses, and hand gestures (Aviezer, Trope, and Todorov 2012; Mittal et al. 2020a). We use graph-
based representations for all the human-centric modalities to sufficiently represent how the in-
herent structure of each modality evolves with various activities and interactions over time. Our
network learns from these graph-based representations using spatial-temporal graph convolu-
tions and maps the per-frame modalities to highlight scores using an autoencoder architecture.
Our highlight scores are based on the representativeness of all the frames in the videos, and

we stitch together contiguous frames to produce the final excerpts. Our novel contributions
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include:

« Highlight detection with human-centric modalities. Our method identifies the ob-
servable modalities, such as poses and faces, in each input video and encodes their inter-
relations, across both time and different persons, into highlight scores for highlight detec-
tion.

+ Annotation-free training of highlight scores. We do not require highlight annota-
tions, exemplars, user-preferences, or domain-specific knowledge. Instead, we only need
to detect of one or more human-centric modalities using off-the-shelf modality detection
techniques to train our highlight scores.

« Domain- and user-agnostic performance. Our trained network achieves state-of-the-
art performance in highlight detection over a diverse range of domains and user prefer-
ences, evaluated over multiple benchmark datasets consisting of human-centric videos.
Our method achieves a mean average precision of 0.64 and 0.20 of matching human-

annotated highlight excerpts on the benchmark domain-specific video highlight (DSH) dataset (Sun,
Farhadi, and Seitz 2014) and the personal highlight detection dataset (PHD?) (Molino and Gygli
2018) dataset, respectively, and outperform the corresponding state-of-the-art methods by 7%
and 4% (absolute). We also achieve state-of-the-art performance on the smaller benchmark
datasets of TVSum (Song et al. 2015) and SumMe (Gygli et al. 2014), outperforming the current
state-of-the-art baselines by 12% and 4% (absolute) on the mean average precision and mean
F-score, respectively. Even for domains that are not fully human-centric (e.g., dog shows) or
videos where human-centric modalities are sparsely detected, the performance of our method

is comparable to the current state-of-the-art.
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8.2 Related Work

Both highlight detection and the closely related problem of video summarization have been
well-studied in computer vision, multimedia, and related fields. Early methods utilized a vari-
ety of techniques including visual-content-based clustering, scene transition graphs, temporal
variance of frames (Yeung, Yeo, and Liu 1998; Chong-Wah Ngo, Yu-Fei Ma, and Hong-Jiang
Zhang 2003; Truong and Venkatesh 2007), and hand-crafted features representing semantic in-
formation such as facial activities (Joho et al. 2011). On the other hand, recent approaches have
capitalized on an impressive range of deep learning tools and techniques to perform highlight

detection and video summarization.

8.2.1 Highlight Detection

The goal of highlight detection is to detect interesting moments or excerpts from unedited
videos (Truong and Venkatesh 2007; Sun, Farhadi, and Seitz 2014). A large contingent of meth-
ods pose this as a supervised ranking problem, such that the highlightable excerpts are ranked
higher than all other excerpts (Sun, Farhadi, and Seitz 2014; Gygli, Song, and Cao 2016; Yao, Mei,
and Rui 2016; Jiao et al. 2018; Molino and Gygli 2018; Yu et al. 2018; Jiao et al. 2019; Wei et al.
2018). These methods assume the availability of human-annotated labels of the highlightable
excerpts and train networks to learn either generic or domain-specific ranking metrics that
correlate with these labels. On the other hand, weakly-supervised and unsupervised highlight
detection methods eliminate label dependencies by leveraging exemplars or video metadata.
Exemplars include scraped web images depicting domain-specific actions such as gymnastics

and skiing (Kim et al. 2018). Video metadata include information on video categories (Yang et
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al. 2015), or properties useful in differentiating unedited videos from edited videos, e.g., dura-
tion (Xiong et al. 2019). Some approaches also take user preferences into account to generate
personalized highlights (Rochan et al. 2020). All these methods perform computations in the 2D

image space of the frames and do not utilize human-centric modalities.

8.2.2 Video Summarization

Video summarization aims to provide succinct synopses of videos in a variety of formats, includ-
ing storyline graphs (Kim and Xing 2014; Xiong, Kim, and Sigal 2015), keyframe sequences (Lee,
Ghosh, and Grauman 2012), clips (Gygli et al. 2014; Zhang, Grauman, and Sha 2018), and their
mixtures based on user requirements (Gu and Swaminathan 2018). It is commonly posed as
a subsequence estimation task satisfying coherence (Lu and Grauman 2013), diversity, and
representativeness (Panda and Roy-Chowdhury 2017; Zhou, Qiao, and Xiang 2018). Exist-
ing unsupervised approaches build on multiple concepts, such as visual co-occurrence (Chu,
Song, and Jaimes 2015), temporal relevance between frames and shots (Kim, Sigal, and Xing
2014; Mahasseni, Lam, and Todorovic 2017; Rochan, Ye, and Wang 2018; Zhang, Grauman, and
Sha 2018), learning category-aware classifiers (Potapov et al. 2014) and category-aware feature
learning (Zhao and Xing 2014; Song et al. 2015). Weakly supervised approaches use exemplar
web images and videos (Kim and Xing 2014; Khosla et al. 2013; Cai et al. 2018b; Rochan and
Wang 2019), and category descriptions (Potapov et al. 2014; Panda and Roy-Chowdhury 2017)
as priors. Other approaches use supervised learning with human-annotated summaries, using
subset selection (Gong et al. 2014), visual importance scores (Lee, Ghosh, and Grauman 2012;
Gygli et al. 2014), submodular mixtures (Gygli, Grabner, and Van Gool 2015; Xu et al. 2015), and

temporal inter-relations (Zhang et al. 2016b; Zhang, Grauman, and Sha 2018; Zhao, Li, and Lu
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2017). While our objective is highlight detection, our approach is inspired by these summariza-
tion methods. Particularly, we ensure that our highlight score captures the representativeness

in the videos and satisfies robust feature reconstruction.

8.2.3 Multimodal Learning

A wide body of work has focused on multimodal action recognition (Chen, Jafari, and Kehtar-
navaz 2015; Shahroudy et al. 2018; Li et al. 2020; Franco, Magnani, and Maio 2020) and emotion
recognition (Busso et al. 2008; Kim, Lee, and Provost 2013; Bagher Zadeh et al. 2018; Mittal et al.
2020a; Mittal et al. 2020b). These methods observe and combine cues from multiple modalities of
human expression, including faces, poses, vocal tones, eye movements hand and body gestures,
and gaits. Existing methods commonly model observed modalities using points and graphs (Li
et al. 2020; Busso et al. 2008; Mittal et al. 2020a), making them suitable for learning action-
and emotion-specific features. In our work, we utilize the fact that highlightable excerpts of
human-centric videos can be determined based on the modalities. Following recent trends in
multimodal action and emotion recognition (Li et al. 2020; Mittal et al. 2020a), we also model the
modalities observed across the frames in videos as spatial temporal graphs, and leverage them

to learn our highlight scores.

8.3 Multimodal Highlight Detection

Given human-centric videos, our goal is to detect the moments of interest or highlights from
the videos. This section elaborates on how we detect such highlights by leveraging the human-

centric modalities observed from the videos.
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8.3.1 Human-Centric Modalities

In our work, we use the term modalities to imply the channels of human expression sensitive
to human activities and interactions, e.g., faces, eyes, body poses, hands, and gaits (Chen, Jafari,
and Kehtarnavaz 2015; Mittal et al. 2020a; Mittal et al. 2020b). Activities constitute individual
expressions and interactions occur with other humans, living beings, and inanimate objects,
pertinent to a variety of actions (Yan, Xiong, and Lin 2018; Franco, Magnani, and Maio 2020)
and emotions (Bhattacharya et al. 2020; Mittal et al. 2020b). We argue that the highlightable
excerpts of human-centric videos preferred by human users focus on these activities and in-
teractions. Therefore, we aim to learn from the observable human-centric modalities in our
network. For each detected modality of each human, our network leverages the inter-relations
at different time instances and the inter-relations between different humans to detect the most

representative excerpts.
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While we extract these modalities from the RGB image-space of the video frames, we note
that the modalities better capture the rich semantics of the frames. Image-space representations
build on variants of the intensity differences between different parts of images, without an un-
derlying insight on how the different parts physically interact. Conversely, modalities provide
insight on such interactions based on their structure, e.g., the relative movements of arms and
legs indicate certain actions, and the relative movements of various facial landmarks indicate
certain expressions and emotions. We build our network to explicitly consider the structure of
each modality and the evolution of those structures with activities and interactions over time.

We consider M > 1 observable human-centric modalities from an input video. We assume
the modalities are extracted using standard detection and tracking techniques (Kocabas 2019;
Geitgey 2020), and are represented using a set of interconnected points in 2D or 3D, such as a
set of 2D face landmarks for the face or a set of 3D body joints for the pose.

To represent each modality m = 1,..., M, we construct a spatial-temporal graph repre-
sentation G, = {Vim, Em}. The nodes in Vp, represent the points of the corresponding modality,
and the edges in £, represent both the structure of the modality and how that structure evolves
over time. To sufficiently capture this, we consider three edges types:

+ Intra-person edges capturing the spatial relationships between the nodes of a single
person, e.g., bones between pose joints and connectors between face landmarks. These
edges represent the baseline structure of the modality at every video frame.

+ Inter-person edges connecting the identical nodes of different persons, e.g., root to root,
head to head, at every video frame. These edges capture how the nodes of different per-
sons interact with each other. They form a bipartite graph for every pair of persons, and

represent the inter-person interactions at every video frame.
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Figure 8.3: HighlightMe: Network Architecture with Human-Centric Multimodal
Learning. Overview of our network for learning highlight scores from multiple human-centric
modalities. We use standard techniques (Kocabas 2019; Geitgey 2020) to detect the human-
centric modalities. We represent the modalities as sets of connected points in either 2D or 3D.
We train the networks for all the modalities in parallel. The only point of interaction between
the networks is their predicted highlight scores, which we combine into our weighted highlight
score for training.

« Temporal edges connecting the identical nodes of a person, e.g., root to root, head to
head, over multiple video frames. These edges capture how those nodes evolve with time
for every person. They form a bipartite graph for every pair of video frames, and represent
the evolution of activities and interactions over time.

The spatial positions of these nodes and the combination of all these edges allow our network
to learn the activities and interactions of all humans in videos and learn highlight scores ac-

cordingly, without any prior knowledge on the video domains or user-provided preferences.

8.3.2 Representativeness of the Video Frames

Since we aim to detect highlights from videos without requiring annotations or exemplars, our
approach is aligned with detecting the representative frames from the videos, similar to video
summarization (Mahasseni, Lam, and Todorovic 2017; Gu and Swaminathan 2018). While de-
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tecting the representative frames in the image-space may or may not lead to detecting the mo-
ments of interest for highlight detection (Sun, Farhadi, and Seitz 2014), our key observation is
that detecting the representative frames in the space of human-centric modalities, in fact, leads
to detecting the moments of interest for highlight detection in human-centric videos.

We define the representativeness of a video frame as the difference, in some metric space,
between the video and the video without that frame. The larger the difference, the higher the
representativeness of that frame. Intuitively, the representativeness of a frame measures the
fraction of information it contains in relation to the entire video. Our goal in highlight detection
is to detect a minimal set of frames from a video with a maximal representativeness.

In our work, we measure the representativeness in the metric space of the observable
modalities. Figure 8.2 shows examples of frames with different values of representativeness in
the space of poses and face landmarks. We consider each video to consist of a total T frames
and P persons (zero-padding videos with fewer frames). Therefore, for each modality m, V,
consists of N X T x P nodes in total, where N is the number of nodes per person. We collate
these nodes into a tensor Xy, = X,(,}); o ;X,(nT) , where X,(,f) € RNXPXD f5r each frame t, and
D is the spatial dimension of each node, most commonly 2 or 3. We can then multiply a highlight

score h(,fl)

of 0 or 1 to each frame t to reflect their representativeness. Thus, we can write the net

difference D as a result of assigning the highlight scores as,

D - me— [h(,});...;h(,,?] © X,

) , (8.1)

where © denotes the Hadamard product. We can now rewrite our goal as simultaneously min-

imizing D in Equation 8.1 and ) _, h(,,t,) , for each modality m.
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We note that a trivial solution to Equation 8.1 is to pick a threshold 0 < 7 < T, then assign
a highlight score of 1 to the top 7 most representative frames from X7, and a highlight score of 0
to all other frames. However, the choice 7 is non-trivial and needs to be learned from the data in
practice. Therefore, we train an autoencoder-based deep neural network to learn the highlight
scores for a wide range of data. We also allow the highlight scores to be continuous in [0, 1] to
keep our network differentiable. Moreover, making the highlight scores continuous also helps
us understand the relative representativeness of each frame, which is an inbuilt component of

modern highlight detection systems (Xiong et al. 2019; Rochan et al. 2020).

8.3.3 Network Architecture

Figure 8.3 shows our overall network architecture for predicting highlight excerpts from input
videos. The goal of our network is to learn per-frame highlight scores to minimize an analo-
gous form of Equation 8.1. Our network achieves this by taking in the per-frame graph-based
representations of the observable human-centric modalities. It attempts to reconstruct all the
activities in the video using as few frames of the input modalities as possible, i.e., a weighted re-
construction, where the weights are the highlight scores. In this training process, our network
learns to assign higher highlight scores to the frames with higher representativeness. We now
describe our network architecture in detail.

Our autoencoder consists of an encoder, a scorer, and a decoder. Our encoder takes in the
spatial-temporal graph G, = {Vm, Em} for each observable modality m from an input video.
It uses a separate spatial temporal graph convolutional network (STGCN) (Yan, Xiong, and Lin
2018; Kipf and Welling 2016; Defferrard, Bresson, and Vandergheynst 2016) to transform X', of

each modality m into a latent activity-based feature z,, € RNXT*PXDi D, bheing the dimension
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of each node in the latent feature. We thus have the operation,
Zm = STGCN (Am, X Wf,?“‘”) , (8.2)

where A, denotes the adjacency matrix obtained from &£, and W,(,(:nc) consists of the set of
trainable STGCN parameters in the encoder. We note here that the data X, forms a full-rank
tensor, therefore the STGCN avoids the degenerate solution of assigning 0’s to all z,’s.

Our latent activity-based features z;;, Vm connect to our scorer, which consists of a single
layer of spatial temporal graph convolution followed by a sigmoid operation per modality. Our
scorer transforms each z, into a normalized highlight score h;, € [0, 1IVXTXPX1 f4r each node,
ie.,

hm = 0 (STGCN (Am, s W,(};“)» , (8.3)

where o (-) represents the sigmoid function and W,(,El 19 consists of the set of trainable STGCN

parameters.
Our decoder takes in the feature z,;, and the highlight score h,, for each modality m, and
produces a weighted latent feature z,, € RNXTXPXDi by performing a Hadamard product of

hy, with each node dimension of zy,, i.e.,
—_——
D, times

In other words, we aim to pick the latent features in z;, that correspond to the most represen-
tative frames in A7,. While training, our scorer successfully learns to assign higher h;, values

to the z,, features representing the more representative frames, and favors them in the recon-
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struction process.
From the weighted latent feature z,,,, our decoder produces a reconstruction X ' € RNX TxPxD

of the input graph nodes using another STGCN, i.e.,

Xy = STGCN (Am,“z’m; W,(,‘}ec)) , (8.5)

where W,(,(l1 ¢) consists of the set of trainable STGCN parameters in the decoder.

8.3.4 Loss Function for Training

Analogous to Equation 8.1, we train our network architecture to maximally reconstruct the in-
put graph nodes in all the modalities while minimizing the number of frames considered for
reconstruction. Our approach is based on the assumption that the frames with higher represen-
tativeness, constitute the more highlightable excerpts of the video. Therefore, in effect, we aim
to suppress as many frames as possible in the reconstruction of the input video while focusing
on only the frames with high representativeness.

Given the highlight scores hy, for each modality m, we perform a max-pooling of the

T
pmax

scores across all dimensions but the time to obtain ) € [0,1] Tx 1 the maximum highlight

score per frame of the video for that modality, i.e.,

h(maX N max hy,. 8.6
m neN,pcP m ( )
We also consider a weighted contribution of h%nax T) for each modality m, such that the

weight is proportional to the number of frames in which the modality was visible in the input
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video. We define a modality to be observable in a frame if more than half the constituent points
of that modality are visible in the frame. By that definition, we construct a weight o, for each

modality m as

# frames where modality m is observable
Ay = T . (87)

We have 0 < ay,;, < 1 Vm since each frame can contain between no and all modalities.
We then construct weighted highlight scores Ay, € [0,1]7*! for all the frames of the video
as

(max T)
m .

ilm = Oémh (8.8)

Finally, given the decoder reconstructions X, and the weights per modality o, we con-

struct our loss function £ for training our network as

+ ||| + Am (| Win

, (8.9)

£=3"|%m - X
=

where W), collates all the trainable parameters W,(,fnc), W,(,},1 lt), and W,(,? ec), Am are the regular-

ization factors, and we use the smooth-¢; norm for ||-||. We note that £ consists of contrasting
objectives that provide the competition needed to learn the highlight scores. The subtrahend

)?m in the first term,

X — éi?va, obtained from Eqs. 8.4 and 8.5, is a stand-in for the subtra-
hend in Equation 8.1. Minimizing this first term would require setting all highlight scores to
1 (so all frames are highlights). Conversely, minimizing the second term ”E’"H would require
setting all highlight scores to 0 (so no frames are highlights). Consequently, our network ends

up assigning high highlight scores to only the set of frames with maximal representativeness.
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8.4 Implementation and Testing

We train our network on the large-scale AVA-Kinetics dataset (Li et al. 2020). This dataset con-
sists of 235 training videos and 64 validation videos, each 15 minutes long and annotated with
action labels in 1-second clips. We ignore the action labels and use the original videos to train
and validate our highlight detection network. The dataset consists of a wide variety of human
activities but no supervision on highlightable excerpts. Thus, it is suitable for our task of learn-
ing to detect human-specific highlight excerpts. Owing to memory constraints, we process each
video in non-overlapping excerpts of 30 seconds, leading to a total of 7,050 training excerpts and

1,920 excerpts for validation.

8.4.1 Implementation

We use M = 2 modalities, poses and faces, which are the two most observable modalities in
all the datasets we tested our method on. Other modalities, such as hand gestures and eye
movements, are either rarely visible or suffer from noisy detection. We build the pose graph
following the CMU panoptic model (Joo et al. 2017; Mehta et al. 2018), and the face landmarks
graph following the face landmarks model of Geitgey (Geitgey 2020).

We use a multi-person tracker (Kocabas 2019) to track the persons across all the frames.
We use a pose detector (Mehta et al. 2018) and a face landmark detector (Geitgey 2020), to
respectively detect the coordinates of their 3D poses and 2D face landmarks. We scale all the
coordinates to lie in the range [-1, 1]. To build our graph for each modality, we consider up to
P = 20 persons in each frame and temporal edges to 30f temporally adjacent frames combining

the past and the future, f being the frame rate of processing the videos. When available, we
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use an equal number of frames in the past and the future for temporal adjacency. We have
observed efficient performance in terms of both accuracy and memory requirements for frame
rates between 2 and 5, use f = 5 for our experiments. For all z;,’s, we use a latent dimension of
Dy =38.

We train using the Adam optimizer (Kingma and Ba 2014) for 200 epochs with a batch
size of 2, an initial learning rate of 1073, a momentum of 0.9, and a weight decay of 1074, We
decrease our learning rate by a factor of 0.999 after every epoch. Our training took around 4.6

GPU days at around 40 minutes per epoch on an Nvidia GeForce GTX 1080Ti GPU.

8.4.2 Testing

At test time, we obtain weighted highlight scores 3", hp following Equation 8.8 for each frame
of the input video. We combine all contiguous frames above a threshold hy,.s to generate
highlight excerpts for the video. Based on our experiments, we have observed that values
of hjres > 0.5 leads to the detection of representative highlight excerpts in the benchmark
datasets. The difference between hyy, o and 7 (Section 8.3.2) is that Ay,  is used for trained high-
light scores that capture domain- and user-preference-agnostic representativeness. In practice,
we assign the individual highlight excerpts a score that is the mean of the weighted highlight
scores for each of its constituent frames. We rank the excerpts based on these scores so that
users can select their own thresholds to obtain the excerpts above those thresholds. The higher
the threshold they choose, the fewer excerpts that survive the thresholding, thus reducing their

manual effort of sifting through less representative excerpts.
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Table 8.1: HighlightMe: Mean Average Precision on the DSH dataset (Molino and Gygli
2018). Bold: best, underline: second-best. Our method performs second-best in the surfing
domain, where not enough poses and faces were detected, and best in all the other domains.

Video2 GIF LSVM (Sun, Less is More
. RRAE (Yang . . .
Domain et al. 2015) (Gygli, Song, Farhadi, and (Xiong et al. Ours
and Cao 2016) Seitz 2014) 2019)
dog show 0.49 0.31 0.60 0.58 0.63
gymnastics 0.35 0.34 0.41 0.44 0.73
parkour 0.50 0.54 0.61 0.67 0.72
skating 0.25 0.55 0.62 0.58 0.64
skiing 0.22 0.33 0.36 0.49 0.52
surfing 0.49 0.54 0.61 0.65 0.62
Mean 0.38 0.46 0.54 0.57 0.64

8.5 Experiments

We evaluate the comparative performance of our method and current state-of-the-art methods
on two large-scale public benchmark datasets: the Domain-Specific Highlights (DSH) dataset (Sun,
Farhadi, and Seitz 2014) and the Personal Highlight Detection dataset (PHD?) (Molino and
Gygli 2018). We also evaluate on the smaller public datasets of TVSum (Song et al. 2015) and
SumMe (Gygli et al. 2014). Unlike any of the current approaches, however, we do not train or
fine-tune our method on any of these datasets. We also test the performance of ablated versions

of our network by removing individual modalities from training and evaluation.

8.5.1 Datasets

The DSH dataset (Sun, Farhadi, and Seitz 2014) consists of YouTube videos across six domain-
specific categories: dog show, gymnastics, parkour, skating, skiing, and surfing. There are
roughly 100 videos in each domain, with a total duration of around 1,430 minutes. The PHD?

dataset (Molino and Gygli 2018) consists of a total of around 10,000 YouTube videos in the test
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Table 8.2: HighlightMe: Mean Average Precision on PHD? (Molino and Gygli 2018). Bold:
best, underline: second-best.

FCSN (Rochan, Video2 GIF Ad-FCSN
Random Ye, and Wang (Gygli, Song, (Rochan et al. Ours
2018) and Cao 2016) 2020)
0.12 0.15 0.15 0.16 0.20

set, totaling about 55,800 minutes. It consists of highlights annotated by 850 users based on
their preferences. The TVSum dataset (Song et al. 2015) has 50 YouTube videos totaling about
210 minutes, collected across ten domains: beekeeping (BK), bike tricks (BT), dog show (DS),
flash mob (FM), grooming animal (GA), making sandwich (MS), parade (PR), parkour (PK), ve-
hicle tire (VT), and vehicle unstuck (VU). The SumMe dataset (Gygli et al. 2014) has 25 personal

videos, totaling about 66 minutes.

8.5.2 Evaluation Metrics

We compute the commonly used mean average precision (mAP) of the detected highlights
matching the annotated highlights (Sun, Farhadi, and Seitz 2014; Gygli, Song, and Cao 2016;
Molino and Gygli 2018; Xiong et al. 2019; Rochan et al. 2020). For evaluating highlights, we
consider the precision for each video individually rather than across videos, because the high-
lights detected from one video need not necessarily have higher highlight scores than the non-
highlighted segments of another video (Sun, Farhadi, and Seitz 2014). We also report the mean
F-score (harmonic mean of the precision and the recall, calculated per video, and then averaged
over all videos) of our method on all the datasets and for the provided baselines on the SumMe

dataset (Gygli et al. 2014).
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Table 8.3: HighlightMe: Mean Average Precision on the TVSum Dataset (Song et al.
2015). Full domain names are in Section 8.5.1. Bold: best, underline: second-best. Our method
performs second-best in the domains that are not fully human-centric (BK, DS, GA, MS), and
best in all the other domains.

_ MBF (Chu, Song, KVS (Potapov CVS (Panda and Adv—LSTM Le§s is More
Domain and Jaimes 2015) et al. 2014) Roy-Chowdhury (Mahassenl., Lam, (Xiong et al. Ours
2017) and Todorovic 2017) 2019)
BK 0.31 0.34 0.33 0.42 0.66 0.57
BT 0.37 0.42 0.40 0.48 0.69 0.93
DS 0.36 0.39 0.38 0.47 0.63 0.60
FM 0.37 0.40 0.37 0.46 0.43 0.88
GA 0.33 0.40 0.38 0.48 0.61 0.50
MS 0.41 0.42 0.40 0.49 0.54 0.50
PR 0.33 0.40 0.38 0.47 0.53 0.84
PK 0.32 0.38 0.35 0.46 0.60 0.76
VT 0.30 0.35 0.33 0.42 0.56 0.65
VU 0.36 0.44 0.41 0.47 0.50 0.77
Mean 0.35 0.40 0.37 0.46 0.58 0.70

8.5.3 Baselines

We compare with four baselines on the DSH dataset (Sun, Farhadi, and Seitz 2014), four on
PHD? (Molino and Gygli 2018), five on the TVSum dataset (Song et al. 2015), and seven on the
SumMe dataset (Gygli et al. 2014). We report the performances of the baselines as stated in the
literature.

On the DSH dataset, we compare with the latent SVM-based highlight ranking (LSVM)
method of Sun et al. (Sun, Farhadi, and Seitz 2014), Video2GIF (Gygli, Song, and Cao 2016), which
uses C3D features with fully connected layers to learn highlight ranking, the unsupervised
robust recurrent autoencoder method (RRAE) of Yang et al. (Yang et al. 2015), and the method
of Xiong et al. (Less is More) (Xiong et al. 2019) that learns to rank highlights by using the
duration of videos as weak supervision, with the insight that shorter videos are more likely to
be edited and therefore more highlightable.

On PHD?, we compare with Video2GIF (Gygli, Song, and Cao 2016) again, the fully convo-
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Table 8.4: HighlightMe: F-Scores on the SumMe Dataset (Gygli et al. 2014). Bold: best,
underline: second-best.

Method F-Score
Int (Gygli et al. 2014) 0.39
Sub (Gygli, Grabner, and Van Gool 2015) 0.40
DPP-LSTM (Zhang et al. 2016b) 0.39
GAN-S (Mahasseni, Lam, and Todorovic 2017) 0.42
DRL-S (Zhou, Qiao, and Xiang 2018) 0.42
S?N (Wei et al. 2018) 0.43
Ad-FCSN (Rochan et al. 2020) 0.44
Ours 0.48

lutional sequence network (FCSN) that uses GoogLeNet to learn image-based features for high-
light detection (Rochan, Ye, and Wang 2018), and the adaptive FCSN method (Ad-FCSN) (Rochan
et al. 2020), which additionally consists of a history encoder to adapt to a user’s history of high-
light preferences to detect personalized highlights. We also use a fully random highlight detector
as the lowest baseline following (Rochan et al. 2020).

On the TVSum dataset, we compare again with the duration-based highlight detection
method (Less is More) (Xiong et al. 2019), the visual correlation-based method of Chu et al. (Chu,
Song, and Jaimes 2015) that uses maximal biclique finding (MBF) to obtain co-occurring shots
that are also relevant to the original video, the kernel-based video summarization method (KVS)
of Potapov et al. (Potapov et al. 2014) that trains an SVM on semantically consistent segments,
the collaborative video summarization method (CVS) of Panda et al. (Panda and Roy-Chowdhury
2017) that uses a consensus regularizer to detect highlight segments satisfying sparsity, diver-
sity, and representativeness, and the unsupervised video summarization method of Mahasseni
et al. (Mahasseni, Lam, and Todorovic 2017) using LSTMs with adversarial loss (Adv-LSTM).

On the SumMe dataset, we compare again with adaptive FCSN (Ad-FCSN) (Rochan et al.
2020), the interestingness-based summarization method (Int.) of Gygli et al. (Gygli et al. 2014),
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Table 8.5: HighlightMe: Ablation Studies. Comparison of mean mAP and mean F-score
for different ablated versions of our method on benchmark datasets. Bold: best, underline:
second-best.

Dataset Using Modality

Face only = Pose only Both
mAP F mAP F mAP F
DSH (Sun, Farhadi, and Seitz 2014) 0.51 0.45 057 048 0.64 0.56

TVSum (Song et al. 2015) 0.57 046 0.64 0.56 0.70 0.59
PHD? (Molino and Gygli 2018) 0.16 0.20 0.15 0.18 0.20 0.22
SumMe (Gygli et al. 2014) 048 039 045 041 0.52 048

the submodularity-based summarization method (Sub.) of Gygli et al. (Gygli, Grabner, and Van
Gool 2015), the LSTM network of Zhang et al. (Zhang et al. 2016b) employing a determinan-
tal point process (DPP-LSTM), the GAN-based method of Lu and Grauman (Lu and Grauman
2013) with extra supervision (GAN-S), the deep reinforcement learning-based method of Zhou
et al. (Zhou, Qiao, and Xiang 2018) with extra supervision (DRL-S), and the sequence to seg-
ments detection method (S?N) (Wei et al. 2018) that uses an encoder-decoder architecture to

detect segments with high relevance from sequence data.

8.5.4 Results

DSH (Sun, Farhadi, and Seitz 2014) and TVSum (Song et al. 2015). We report the mAP
across all the domains in these datasets in Tables 8.1 and 8.3 respectively. We outperform the
baselines on all but a few domains, which are either not fully human centric (beekeeping, dog
show, grooming animals, and making sandwich in TVSum), or where sufficient poses and faces
could not be detected (surfing in DSH). However, we come second-best on these domains, and
on average, across the domains, we outperform the best baselines by an absolute 4% - 12%.
PHD? (Molino and Gygli 2018). We report the mAP across the dataset in Table 8.2.
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Given the abundance of humans detected in the videos, we outperform the best baseline by an
absolute 4%.

SumMe (Gygli et al. 2014). We report the mean F-scores across the dataset in Table 8.4.
Following prior methods (Wei et al. 2018; Rochan et al. 2020), we randomly select 20% of the
dataset for calculating the mean F-score, repeat this experiment five times, and report the mean
performance. Based on these experiments, we outperform the best baseline by an absolute 4%.

These results demonstrate that our approach of using human-centric modalities to detect

highlights leads to state-of-the-art performance on all these benchmark datasets.

8.5.5 Ablation Studies

In our experiments, we consider two modalities, poses and faces. We ablate each of these two
modalities in turn and test the performance of our method by training it on the remaining
modality. We report the mean mAP and the mean F-score of the ablated versions of our method
on all four benchmark datasets in Table 8.5. Using only poses and no faces, we observe an

absolute drop-off of 5% — 7% for the mean mAP and 3% — 8% for the mean F-score across the
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datasets, compared to using both modalities. Using only faces and no poses, we observe more
severe absolute drop-offs of 4% — 13% for the mean mAP and 2% - 13% for the mean F-score
across the datasets. This happens because poses are generally more abundant and more easily
detected compared to face landmarks. For example, poses can be detected even when a human
is partially occluded, in the dark, or not in clear focus, whereas detection of face landmarks
requires the face to be well-lit and in focus. Therefore, not detecting poses leads to missing a
significant number of highlightable excerpts. This trend is reversed only in PHD?, where faces
were more commonly detected than poses.

We also show the qualitative performance of our method and all its ablated versions on
one sample video from each of the four datasets, DSH, PHD?2, TVSum, and SumMe, in Figure 8.5.
We see that when observing only poses and not faces, our method detects the representative
highlight excerpts with pose-based expressions but fails to detect excerpts that primarily have
facial expressions and emotions. Conversely, when observing only faces and not poses, our
method can only detect the excerpts where the faces are prominent, and misses excerpts where
the faces are too small, occluded, or in the dark. Using both modalities, our method can detect

all the representative excerpts.

8.5.6 Effect of Highlight Score Threshold

We use a threshold Ay, on the highlight score predicted by our method to detect the high-
lightable excerpts (Section 8.4.2). To visualize the effect hy,.s has on the average precision
(AP), we show the plot of AP vs. ke On each domain in the DSH dataset (Sun, Farhadi, and
Seitz 2014) in Figure 8.4. We observe a general trend of the AP decreasing as we increase the

threshold, as our method returns fewer and fewer highlights. However, this is not true for some
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Figure 8.5: HighlightMe: Qualitative Comparisons. We show sample frames across the
range of highlight scores as detected by different ablated versions of our method. We show
one sample video from the datasets SumMe (Gygli et al. 2014), PHD? (Molino and Gygli 2018),
DSH (Sun, Farhadi, and Seitz 2014), and TVSum (Song et al. 2015), in order from top to bottom.
When using only faces or only poses, our method learns highlight scores based only on face-
or pose-based representativeness. Combining both the modalities, our method learns highlight
scores based on representativeness from both.

domains like surfing, where the highlight scores of the representative excerpts are already suf-
ficiently high. In practice, we consider the choice of threshold to be user-configurable for each

video.

8.6 Conclusion

We have presented a novel method for detecting highlights from human-centric videos, which
leverages the observable human-centric modalities, such as faces and poses, and uses these
modalities to automatically detect the most representative highlights from the video. Extensive
experimental results on the domain-specific highlights (DSH) dataset (Sun, Farhadi, and Seitz
2014), the personal highlight detection dataset (PHD?) (Molino and Gygli 2018), the TVSum

dataset (Song et al. 2015), and the SumMe dataset (Gygli et al. 2014) demonstrate the benefits of
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our proposed approach compared to several state-of-the-art baselines.
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CHAPTER 9

Use Case 2: Detecting User-Specific Highlights from Videos

Abstract

We propose a method to detect individualized highlights for users on given target videos based
on their preferred highlight clips marked on previous videos they have watched. Our method ex-
plicitly leverages the contents of both the preferred clips and the target videos using pre-trained
features for the objects and the human activities. We design a multi-head attention mechanism
to adaptively weigh the preferred clips based on their object- and human-activity-based con-
tents, and fuse them using these weights into a single feature representation for each user. We
compute similarities between these per-user feature representations and the per-frame features
computed from the desired target videos to estimate the user-specific highlight clips from the
target videos. We test our method on a large-scale highlight detection dataset containing the
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annotated highlights of individual users. Compared to current baselines, we observe an abso-
lute improvement of 2-4% in the mean average precision of the detected highlights. We also
perform extensive ablation experiments on the number of preferred highlight clips associated
with each user as well as on the object- and human-activity-based feature representations to

validate that our method is indeed both content-based and user-specific.

9.1 Introduction

We expand our use-case to consider user-specific highlight detection in videos with both hu-
mans and non-human entities. Ongoing research efforts have led to the development of ef-
ficient content-based highlight detection methods (Sun, Farhadi, and Seitz 2014; Molino and
Gygli 2018; Rochan, Ye, and Wang 2018; Bhattacharya et al. 2021c). More recently, highlight
detection methods have also considered viewers’ preferences to provide individualized or user-
specific highlights (Rochan et al. 2020), making these methods more practically relevant. How-
ever, current user-specific methods either require the expensive computation of shot boundaries
to divide videos into highlightable and non-highlightable segments (Molino and Gygli 2018) or
uniformly pool the users’ selected highlights to compute their highlight preferences (Rochan
et al. 2020).

In practice, users’ preferences may not be uniformly distributed across their preferred
highlight clips but vary significantly based on the clip contents, especially in relation to the
target videos. For example, in Figure 9.1, the cooking clips are more relevant indicators of user
A’s preferences compared to the workout clips, given the target video containing cooking and
eating. Thus, combining the users’ preferred clips to learn their relevant highlight preferences
for each target video requires learning the relevant features describing the highlightable content
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Figure 9.1: User-Specific Highlights: Overview. For each user, we consider a set of highlight
clips denoting their individual preferences (left) and detect highlights for them (right) on dif-
ferent target videos (center top and bottom). Given the users’ overall highlight preferences, our
method employs a multi-head attention (MHA) mechanism to learn which segments of the tar-
get videos are relevant highlights based on feature similarities between them (center block). For
example, our method learns that user A prefers watching cooking and workout videos. There-
fore, given a target video containing cooking and eating, our method identifies that only the
cooking segments are relevant between the preferred clips and the target videos, and detects
those as highlights. Similarly, our method learns that user B prefers skating and surfing videos.
Therefore, given a video containing parkour and skating activities, our method detects only the
skating segments as highlights. Overall, our method significantly advances the state-of-the-art
in user-specific highlight detection given a diverse, large-scale dataset of user preferences and
target videos.

in each preferred clip. Subsequently, these relevant features need to be mapped to the contents
of the target videos where the highlights are to be detected, requiring an automatic strategy
to estimate the segments of the target videos that are similar to the relevant features from the
preferred clips and, therefore, highlightable. Thus, for user A, a user-specific highlight detection
approach needs to detect that the cooking segments in the target video are relevant to the user’s
preferred cooking clips, and that both the user’s preferred workout clips and the eating segments
in the target video are irrelevant in the current context.

Detecting highlights based on the similarities between the preferred clips and the target
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videos can also be expressed as an attention-based retrieval problem. An attention mechanism
adaptively weighs the keys of different key-value pairs based on their relative importance to a
given query to predict the most suitable responses to the query (Vaswani et al. 2017). Depend-
ing on the data paradigm of the key, the value, and the query, attention mechanisms are used in
a wide variety of tasks, including tasks in natural language understanding (Devlin et al. 2019),
text-based image and video retrieval (Chen and Deng 2019), object and action recognition in
images and videos (Wang, Cai, and Wang 2022; Song et al. 2018), and visual question answer-
ing (Yu et al. 2019). In the case of user-specific highlight detection, the key, value, and query
need to be based on the video contents, i.e., follow the paradigm of content-based highlight de-
tection (Sun, Farhadi, and Seitz 2014; Rochan, Ye, and Wang 2018; Bhattacharya et al. 2021c) to

perform meaningful retrieval of the highlightable clips per user.

Main Contributions. In this paper, we consider the visual content of the videos for highlight
detection. Specifically, for both the preferred clips and the target videos, we consider the con-
stituent non-human entities commonly clubbed as “objects” (Jocher et al. 2022), and the human
activities expressed with their pose movements. We follow the current paradigm of leveraging
the presence of and interactions between human activities and non-human entities, either di-
rectly or indirectly, for content-based highlight detection (Sun, Farhadi, and Seitz 2014; Molino
and Gygli 2018; Bhattacharya et al. 2021c). We design an attention mechanism to leverage both
the objects and the pose-based activities in the users’ preferred highlight clips to detect user-
specific highlights in different target videos. We only consider the preferred highlight clips and
not the corresponding full videos, i.e., we do not require information about clips the users did

not select as highlights. Each highlight clip marked by the users contains partial information
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about their highlight preferences, which we store in latent features learned from the objects
and the poses detected in those clips. We pool these object- and pose-based features using
learned weights to obtain combined features representing the users’ overall highlight prefer-
ences. Given target videos for each user, we then query the object- and the pose-based features
of the target videos against the combined features of the corresponding user to detect highlight
clips for them in the target videos. To summarize, our main contributions are the following:

+ User-Specific Highlight Detection. We leverage the video contents, in terms of the
objects and the pose-based human activities, between the users’ preferred highlight clips
and the target videos to detect the user-specific highlights in the target videos.

« Multi-Head Attention Mechanism. We design an multi-head attention mechanism
that learns content-based features per user from the users’ preferred highlight clips. We
also learn content-based features from the target videos and query those against the per-
user features to detect the user-specific highlights.

« State-of-the-art performance. We perform extensive experiments on the benchmark
personal highlight detection dataset (PHD?) (Molino and Gygli 2018), containing more
than 6,000 testing videos, to show that our method improves the mean average precision
of highlight detection by an absolute 2-4% over the current baselines, as well as the F-
score in the related problem of video summarization by an absolute 4-12% over the current

baselines on the benchmark SumMe dataset (Gygli et al. 2014).

9.2 Related Work

We briefly review the prior work in highlight detection and the related problem of video sum-
marization. For a more extensive discourse, including the development of multimedia-based
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techniques for content-based clustering, scene understanding, and temporal variance optimiza-
tion, we refer the readers to the works of (Yeung, Yeo, and Liu 1998; Chong-Wah Ngo, Yu-Fei
Ma, and Hong-Jiang Zhang 2003; Truong and Venkatesh 2007; Joho et al. 2011). Since our goal
is to learn user-specific highlights from their past highlight preferences, our problem is also

related to collaborative filtering, and we review prior work there as well.

Highlight Detection. Highlight detection aims to detect the most interesting moments in videos (Truong
and Venkatesh 2007; Sun, Farhadi, and Seitz 2014). Since “interesting” is subjective for the
viewer, highlight detection methods rely on the availability of annotated highlights to learn
the interesting moments. Depending on the nature of the annotations, we can broadly clas-
sify these methods into fully supervised, weakly supervised, or unsupervised approaches. Fully
supervised approaches assume that, for each video, highlight and non-highlight clips are avail-
able, and typically optimize variants of a pairwise ranking loss that ranks the highlight clips
higher than the non-highlight clips (Sun, Farhadi, and Seitz 2014; Gygli, Song, and Cao 2016;
Yao, Mei, and Rui 2016; Jiao et al. 2018; Yu et al. 2018; Jiao et al. 2019; Wei et al. 2018). Weakly su-
pervised and unsupervised approaches do not require highlight annotations but instead utilize
exemplars or video metadata. Exemplar-based methods use open-source images depicting high-
lightable moments, which guide the ranking of the individual shots or frames in the videos (Kim
et al. 2018), e.g., a surfing image used to detect highlights in a surfing video. Video metadata
include information on the video domain (Yang et al. 2015), e.g., collecting all edited videos with
“surfing” in the title to learn surfing highlights, using the video duration itself as a weak signal
with the argument that shorter videos are more likely to be edited and therefore have a higher

percentage of highlightable moments (Xiong et al. 2019), and even focusing on certain subjects
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in the videos, such as explicitly leveraging human activities to learn highlights in human-centric
videos (Bhattacharya et al. 2021c). While weakly supervised and unsupervised methods allevi-
ate over-reliance on annotated data, they are designed to be content-based and cannot adapt to

the individual preferences of different users.

Preference-Based Highlight Detection. These methods solve the more challenging problem of
learning individualized highlights for the users based on their annotated highlight preferences.
Existing methods solve this problem by learning to score highlight frames higher than other
frames conditioned on the users’ preferences (Molino and Gygli 2018), learning parameters
based on the users’ preferred clips to guide a content-based highlight detection network (Rochan
et al. 2020), or learning the users’ overall preferences by averaging over features learned from
their preferred clips (Chen et al. 2021). Other methods do not depend on the video contents
but rank the clips in a video for each user based on the durations of their selected clips using a
recommendation algorithm (Panagiotakis, Papadakis, and Fragopoulou 2020). Our work solves
the same problem of predicting preference-based user-specific highlights and improves on the

performances of these methods.

Video Summarization. Video summarization aims to condense videos into the summaries of
their contents. Summaries are typically presented in the form of storyline graphs (Kim and
Xing 2014; Xiong, Kim, and Sigal 2015), keyframe sequences (Lee, Ghosh, and Grauman 2012),
clips (Gygli et al. 2014; Zhang, Grauman, and Sha 2018), as well as a mixture of formats (Gu
and Swaminathan 2018). Video summarization can also be broadly classified into fully super-

vised, weakly supervised and unsupervised approaches. Fully supervised approaches leverage
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annotated summaries, and learn relevant video subsets for summaries based on their relative
importance in the videos (Gong et al. 2014; Lee, Ghosh, and Grauman 2012; Gygli et al. 2014;
Gygli, Grabner, and Van Gool 2015; Xu et al. 2015; Zhang et al. 2016b; Zhang, Grauman, and Sha
2018; Zhao, Li, and Lu 2017; Ji et al. 2020). Weakly supervised approaches rely on learning the
relevant contents for a summary based on exemplars such as images and edited videos (Kim and
Xing 2014; Khosla et al. 2013; Cai et al. 2018b; Rochan and Wang 2019), or leveraging keywords
in the video title to learn the relevant content-based features for summaries (Zhao and Xing
2014; Song et al. 2015; Potapov et al. 2014; Panda and Roy-Chowdhury 2017). Unsupervised
approaches learn relevant information directly from the video contents, such as scenes that
commonly co-occur in videos (Chu, Song, and Jaimes 2015), and temporal consistency across
frames and shots to understand summary boundaries (Kim, Sigal, and Xing 2014; Mahasseni,
Lam, and Todorovic 2017; Rochan, Ye, and Wang 2018; Zhang, Grauman, and Sha 2018). Other
approaches for video summarization define and estimate specific parameters determining sum-
maries, such as coherence (Lu and Grauman 2013), diversity, and representativeness (Panda
and Roy-Chowdhury 2017; Zhou, Qiao, and Xiang 2018). Yet other approaches consider user
preferences in the form of the text queries they use to search videos (Liu et al. 2015; Sharghi,
Gong, and Shah 2016; Vasudevan et al. 2017; Yang et al. 2003), their feedback on individual sum-
maries (Molino et al. 2017), and their preferences between pairs of summaries (Singla, Tschi-
atschek, and Krause 2016), to learn user-specific summaries. Highlight detection methods learn
to leverage video contents using techniques similar to those employed for video summarization,
albeit with different training objectives. Further, designing highlight detection methods using
user-specific feedback requires the methods to be interactive at inference time and relies on

the users’ availability and ability to provide feedback. This is complementary to learning user-
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specific highlights based only on the preferred highlight clips, which streamlines the inference,

and the two approaches can be combined depending on the use cases.

Collaborative Filtering. Collaborative filtering aims to predict novel user preferences based on
their preference history as well as the preferences of other users (Koren, Bell, and Volinsky 2009).
It is widely used in tackling recommendation problems, such as the Netflix challenge (Bell and
Koren 2007) and online video recommendations (Covington, Adams, and Sargin 2016). How-
ever, extending collaborative filtering to highlight detection requires the availability of multiple
user responses to each clip within each video in a large training set of videos. Making such an
approach practically feasible firstly requires the availability of multiple user responses for the
each clip, which is not the case in current highlight detection datasets (Molino and Gygli 2018).
Secondly, it requires us to define clip boundaries apriori; otherwise, each video can contain in-
finitely many clips. This, in turn, severely limits what the users can choose as their highlight
preferences, as they can only detect highlight clips of fixed lengths. For these limitations, collab-
orative filtering is not amenable to user-specific highlight detection. By contrast, our highlight
detection method works at the frame level and uses variable-length preferred clips marked by

the users to detect their individualized highlights.

9.3 User-Specific Highlight Detection

Given preferred highlight clips marked by users and different target videos, our goal is to detect
highlight clips per user from the target videos that are similar in content to the user’s preferred
highlight clips. For each user u, we consider P = {z| i=1,... ,N(“)} preferred highlight

clips, and a target video 7(¥). For numerical consistency, we consider each highlight clip to be T
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Figure 9.2: User-Specific Highlights: Network Architecture to Learn Multi-User, Mul-
timodal Highlights. For each preferred clip i, we use the two priming blocks to map the
object-based features and the pose-based features to respective features z; and y;. We use these
features to learn the per-frame weights w; and v; using multi-head attention (MHA), perform
per-frame attention pooling, learn the per-clip weights o; and p; using MHA again, and fuse the
per-clip features using weighted summation to get the fused features 1); and ¢;. For each target
video 7, we train a separate set of attention priming and MHA layers to obtain fused features
¥ and ¢,. We compute the similarities between the fused features of the preferred clips and
the target video using scaled matrix products and concatenate and map the resultant features
to per-frame highlight scores for the target video using a fully-connected prediction block.

frames long and zero-pad all videos shorter than T frames. In the subsequent text, we assume
all the variables are for user u unless stated otherwise and drop the superscript (u) for brevity
of notation.

For each user, our objective is to predict the highlight score s; € [0, 1] for each frame
j=1,..., T; for the target video, where T is the number of frames in the target video (we zero-
pad all videos shorter than T; frames). The highlight score s; determines how highlightable a
frame is, with 1 being the highest score. We require our highlight scores to be relative to the

contents of both the target video and the user’s preferred highlight clips. Thus, we aim to learn
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Figure 9.3: Attention Priming and Multi-
Head Attention for Objects. Priming on the
YOLOvV5 (Jocher et al. 2022) features using
3D convolutions (blue blocks) and 3D batch
norms (green blocks). We use the attention-
primed features to learn the per-frame atten-
tion weights w; and w; using fully-connected
layers (orange blocks).

PrimingSTGCN MHASTGCN
[~ 1024 _256 _ 256 _64 _64 1y !
64 64 16 16 4 4

~Jede ool ;ﬂ@:/

Yi/yr

Figure 9.4: Attention Priming and Multi-
Head Attention for Poses. Priming on the
Detectron2 (Wu et al. 2019) features using
spatial temporal graph convolutions with fea-
ture pooling (green arrow) on the five kine-
matic chains: trunk, two arms and two legs.
We use the attention-primed features to learn
the per-frame attention weights v; and v; us-
ing fully-connected layers (orange blocks).

a scoring function § such that

{sl,...,sTT} =S(t,P). (9.1)

9.3.1 Attention Priming

We consider the contents to be both the non-human entities or “objects” (Jocher et al. 2022) and
the pose-based human activities, and explicitly leverage their presence in all the clips. For each
frame of each clip, we obtain pre-trained features xyproys from the penultimate layer of the
YOLOV5 network (Jocher et al. 2022), which contains information on the object categories and
their spatial positions. We also obtain pre-trained features xpetectron2 from the penultimate layer
of the Detectron2 network (Wu et al. 2019) containing information on the human poses. Our
attention priming transforms these pre-trained object and pose features into lower-dimensional
features for learning the per-frame attention weights for multi-head attention fusion. This pro-
vides the twin benefits of leveraging the localized information common to all the pre-trained
features using the same set of convolutional layers, and reducing the parameter load required

to learn the actual attention weights. It also ensures our network avoids memorization of the
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attentions learned for the pre-trained features.
To perform attention priming, we pass the YOLOV5 xyor ovs and the Detectron2 features

RT*4: and y € RT*% respectively, which we

Detectron2 through separate networks to get z €
use to learn attention weights. For priming the YOLOVS5 features, we use a series of 3D convo-

lutions, denoted PrimingConv3D (Figure 9.3), to leverage the spatial and temporal adjacency of

the features xyor.ovs, as

z = PrimingConv3D (xyOL0vs; #PrimingConv3D) - (9.2)

where 0primingConv3D are trainable parameters. Similarly, for priming the Detectron2 features,
we use a series of spatial temporal graph convolutions, denoted PrimingSTGCN (Figure 9.4), to

leverage adjacencies between the body joints that comprise the features xpetectron2, as

y = PrimingSTGCN (xDetectron2§ HPrimingSTGCN ) , (93)

where 0primingSTGCN are trainable parameters.

9.3.2 Multi-Head Attention and Fusion

For each preferred highlight clip i, we denote the attention-primed features as z; € RT*dz and
Vi € RT*4 . Each (z;, yi) contains information on the user’s highlight preferences in clip i,
which is different from the user’s highlight preferences in all the other preferred clips. Thus,
to obtain the user’s overall highlight preferences, we consider a multi-head attention (MHA)

mechanism that learns relative weights at both the frame and the clip levels.
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At the frame level, the number of attention heads is the number of frames T for the pre-
ferred clips and T for the target video. The parameters determining the attention weights are
shared for all the preferred clips, implying that the order in which our network processes them
is irrelevant. This is the desired behavior since the preferred clips need not have any content
overlap or any specified ordering. However, we train a separate set of parameters to learn the
attention weights from the target videos since the target video contains both highlightable and
non-highlightable segments.

At the clip level, the number of attention heads is the number of preferred clips N that
we consider for each user. We use the clip level attention weights to additively fuse the cor-
responding attention-primed features and then compute the similarity of the fused features to
the attention-primed features of the target video. During training, the frame level and the clip
level attention weights collectively determine the features describing the relevant contents of
the preferred clips given the target videos per user. Conversely, during inference, our network
uses these per-user relevant features to detect the highlightable frames from the target videos.

For our MHA mechanism, we train a pair of attention heads MHAConv3D (Figure 9.3)

and MHASTGCN (Figure 9.4) to produce frame level attention weights w; € RT and v; € RT as

w; = MHAConv3D (z;; OMHAConv3D) » (9.4)

v; = MHASTGCN (y;; OMHASTGCN) » (9.5)

where OpiAConvsD and OviasTGeN are trainable parameters. We train another pair of attention

heads MHAFC, and MHAFC,, (Figure 9.2, rightmost layers in central block) to get clip level
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attention weights 0; € R and p; € R from the weighted frame level features as

o; = MHAFC, (ZlTwi; 0MHAFC;> , (9.6)

pi = MHAFC,, <yiTVi§ 9MHAFcy> : 9.7)

where O\Harc, and 9MHAFCy are trainable parameters. We obtain the fused, attention-weighted

features ¢y € R% and ¢ € RY as

N
Y= Z z;rwiai, (9.8)

N
6= v vipi (9.9)

Parallelly, we compute the per-frame attention-weighted features of the target video as
vy = zz O wr € RT*dz and ¢, = yrOvr € RT*dy - Given Ur, Or, 1, and ¢, we use
scaled matrix products to compute features h, € R’ and hy € RT" representing their pairwise

similarities, as

h, = softmax (wd; VZ) <, (9.10)

hy = softmax (¢dy‘ 1/2>  br. (9.11)

We then use a predictor block HltPred (Figure 9.2, bottom-right block) that fuses the fea-
tures h; and hy, using concatenation, and reduces the fused features to per-frame highlight
scores s € [0, I]TT, as

s = HltPred (h; || hy; 0ipred) » (9.12)
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where Oipreq are trainable parameters.

9.4 Training and Inference

We discuss the loss function we use to train our network, the implementation details, and how

we use our network to detect user-specific highlights on test videos.

9.4.1 Loss Function

Our network predicts a highlight score between 0 and 1 for each frame in the target video. For
training, we consider a frame to be a highlight if and only if its score is above a predetermined
threshold (. We train our network using a combination of a label loss, a margin loss, and a

sparsity loss, assuming a threshold ¢ = 0.5.

« Label loss L;; for each frame j in target video 7 measures the weighted cross entropy
loss between the ground-truth highlight labels y-; (1 for highlight, 0 otherwise) and the

predicted highlight scores s}, as

Lyj = =wyrjlog (srj) = (1= yrj) log (1= s7;) (.13)

where w denotes the relative weight assigned to the highlight class. The label loss is the
baseline loss that guides the training process as a binary classification problem.
+ Margin loss M;; for each frame j in target video 7 measures the one-sided distance be-

tween the highlight score of that frame and the threshold ¢ as

Mzj = max (0, rj (¢ = 575)) (9:-14)
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where y;; = 1if j is a highlight frame, and -1 otherwise. The margin loss provides addi-
tional constraints that the scores for the highlight and the non-highlight frames should
be on opposite sides of the threshold (.

+ Sparsity loss S; for each target video 7 enforces that the total number of highlight frames

should be low, as
T

Sr = Z max (0, sign (sTj - C)) ) (9.15)

j=1
The sparsity loss incentivizes our network to detect as few highlight frames as possible,
following the intuition that highlight frames make up a small fraction of total video (Sun,
Farhadi, and Seitz 2014; Xiong et al. 2019; Bhattacharya et al. 2021c). Moreover, the spar-

sity loss improves the precision of highlight detection by its design of minimizing the

number of frames detected as highlights.

Combining the individual loss terms, we write the overall loss function £ for the target

video T as

T
1
L= = 21: (Lyj + Myj) + Sr. (9.16)
]:

Based on our experiments, we did not observe significant performance differences when
using relative weights for the margin and the sparsity losses up to five times that of the base-
line label loss. Consequently, we propose using the same weights for all the loss terms for
simplicity. We also note that none of our losses enforce the temporal continuity of labels, i.e.,
adjacent frames should have the same labels (highlight or non-highlight) except at the highlight
clip boundaries. There are two reasons for this. First, the durations of highlight clips are not
fixed. In our experiments, the longest highlight clip can be about seven times the length of the

shortest highlight clip for the same video. Thus, defining clip boundaries for enforcing temporal
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continuity is non-trivial and would, in fact, limit the variety of highlight clips that we can detect
during inference. Second, our network explicitly leverages information along both the spatial
and the temporal dimensions using 3D convolutions and spatial temporal graph convolutions.
Consequently, temporal continuity is implicitly enforced in the learned features and highlight
scores, and in practice, we observe the highlight scores varying smoothly across the frames,

with only minor variance due to noise.

9.4.2 Implementation

We first extract the YOLOvV5 (Jocher et al. 2022) and the Detectron2 (Wu et al. 2019) features for
each frame in both the preferred highlight clips and the target videos in the training dataset. This
takes about 30 seconds per frame on an NVIDIA Tesla A100 GPU. We then train our network
using the Adam optimizer (Kingma and Ba 2014) with a batch size of 36, an initial learning rate
of 1E-4 that we decay at a rate of 0.999 per epoch, and a weight decay of 3e-4. We train for
500 epochs on 8 NVIDIA Tesla V100 GPUs at a speed of about 1,480 seconds per epoch. Once
the network is fully trained, inference takes about 9 seconds for each user using the same GPU

configuration.

Hyperparameter Tuning We have experimented with batch sizes between 2 (minimum possi-
ble) and 36 (maximum allowable given our memory constraints), initial learning rates between
1E-5 (very slow convergence) and 1E-3 (optimization diverges), learning rate decays between
0.9 (very slow convergence) and 1 (optimization oscillates), weight decays between 1E-4 (op-
timization oscillates) and 5e-4 (very slow convergence), and training epochs between 100 and

1000 (validation loss saturates around 500 epochs).
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9.4.3 Inference

Similar to the training set up, we consider a set of preferred highlight clips and target videos
for each user during inference. We use the preferred highlight clips to learn the features h; and
hy (Equations 9.10 and 9.11), and subsequently the per-frame highlight scores s; (Equation 9.1).
We also consider the scenario where the users’ preferred highlight clips are not available, where
our network falls back to content-based highlight detection (Bhattacharya et al. 2021c). Instead
of the softmax operations in Eqs. 9.10 and 9.11, we perform uniform weighting along the feature

dimension, i.e., we have h; = Zgzzl Vrk/d; and hy = ZZL Gri/dy.

9.5 Experiments and Results

We provide details on the dataset we use for training and testing our method, the baselines we
compare with, and the performance of our method on quantitative metrics. We also show the
improvement in performance as we add more preferred highlight clips to our input, the benefits
of the two components of object detection and pose detection used in our approach, and the

contribution of each of the loss functions we use in training.

9.5.1 Dataset

We evaluate on the personal highlight detection dataset (PHD?) introduced by del Molino and
Gygli (Molino and Gygli 2018). This dataset consists of URLs of YouTube videos, IDs of annota-
tors or “users”, and the segments they selected as highlight clips from those videos as per their
preferences. The last video that a user annotated is designated as the target video for that user.

Since PHD? only provides the YouTube URLSs, we scraped the videos from YouTube for our ex-
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Table 9.1: Mean Average Precision (mAP) and normalized Meaningful Summary Du-
ration (nMSD) for Highlight Detection. We report the numbers of all methods on
PHD? (Molino and Gygli 2018). Bold indicates best.

Method mAP nMSD

Random 0.112  0.536

User-Agnostic  FCSN (Rochan, Ye, and Wang 2018) 0.152 -
HighlightMe (Bhattacharya et al. 2021c) 0.200 -

Personalized Summ. (Panagiotakis, Papadakis, and Fragopoulou 2020) 0.2 16" 0.288

Video2GIF (Gygli, Song, and Cao 2016) 0.158  0.420

. PHD-GIF (Molino and Gygli 2018) 0.166  0.402
User-Specific Adaptive-FCSN (Rochan et al. 2020) 0.168 -
PR-Net (Chen et al. 2021) 0.187 -

MHA+Fusion (Ours) 0.228 0.271

" Numbers reported for a subset of the test set consisting of at least 5 selected highlights per user. For a similar test subset,
our method has mAP of 0.262 and nMSD of 0.223.

periments, subject to video availability and IP restrictions. Both our training and testing sets
consist of up to 15 highlight clips and a target video per user. The highlight clips are between 1
and 672 seconds long and have a mean length of 5.19 seconds. The target videos are between 1
and 37,434 seconds long and have a mean length of 443.29 seconds. The training set contains a
total of 6,596 users and 26,390 videos. The testing set contains 727 users and 6,004 videos that

do not overlap with any user or video in the training set.

9.5.2 Baselines

We compare with the methods Video2GIF by Gygli et al. (Gygli, Song, and Cao 2016), PHD-GIF
by del Molino and Gygli (Molino and Gygli 2018), Personalized Summarization by Panagiotakis
et al. (Panagiotakis, Papadakis, and Fragopoulou 2020), Adaptive-FCSN by Rochan et al. (Rochan
et al. 2020), and PR-Net by Chen et al. (Chen et al. 2021), which, like our method, consider
user-specific history when detecting highlights for target videos. Video2GIF computes shot

boundaries in the videos and uses C3D features, used for action recognition, to map the shots
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Table 9.2: User-Specific Highlights: F-Scores for Video Summarization. We report the
F-scores of all methods on the SumMe dataset (Gygli et al. 2014). Bold indicates best.

Method F-Score
SumMe baseline (Gygli et al. 2014) 0.394
Submodular mixtures (Gygli, Grabner, and Van Gool 2015) 0.397
DPP-LSTM (Zhang et al. 2016b) 0.386
Unsup. Adversarial LSTM (Mahasseni, Lam, and Todorovic 2017) 0.417
Sup. Deep RL (Zhou, Qiao, and Xiang 2018) 0.421
S?N (Wei et al. 2018) 0.433
Adaptive-FCSN (Rochan et al. 2020) 0.444
HighlightMe (Bhattacharya et al. 2021c) 0.480
MHA+Fusion (Ours) 0.526

to highlight labels and train using a ranking loss. Adaptive-FCSN trains an encoder network to
learn affine parameters based on the users’ preferred highlight clips and uses those parameters
to guide the detection of per-frame highlight labels in the target videos. We also compare with
state-of-the-art user-agnostic approaches FCSN by Rochan et al. (Rochan, Ye, and Wang 2018),
and HighlightMe by Bhattacharya et al. (Bhattacharya et al. 2021c), which detect highlights
based only on the video contents. FCSN utilizes the GoogLeNet backbone to learn image-based
features for per-frame highlight detection. HighlightMe leverages pose-based activities and fa-
cial expressions in human-centric videos and trains an autoencoder-based architecture to detect

per-frame highlights.

9.5.3 Quantitative Comparison

We evaluate the performance of each method using the metrics of mean average precision (mAP)
and normalized meaningful summary duration (nMSD). We compute mAP as the mean of the av-
erage precision of matching the highlight labels in each target video following (Rochan, Ye, and

Wang 2018; Panagiotakis, Papadakis, and Fragopoulou 2020; Rochan et al. 2020; Bhattacharya
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et al. 2021c; Chen et al. 2021), and nMSD at a recall rate of 0.5 following (Gygli, Song, and Cao
2016; Molino and Gygli 2018; Panagiotakis, Papadakis, and Fragopoulou 2020). As empirical
lower bounds on mAP and nMSD, we also report the performance of randomly choosing the
highlight frames in the target videos. Table 9.1 shows the mAP and the nMSD of each method
on PHD? (Molino and Gygli 2018). Our method achieves the best mAP of 0.219 and nMSD of
0.271, outperforming the current best user-agnostic method HighlightMe (Bhattacharya et al.
2021c) by an absolute 2% and the current best user-specific methods of PR-Net (Chen et al. 2021)
and Personalized Summarization (Panagiotakis, Papadakis, and Fragopoulou 2020) by absolute
4% and 6% respectively.

Beyond highlight detection, we also evaluate our method on the related problem of video
summarization, following the approach of Rochan et al. (Rochan et al. 2020). Video summa-
rization aims to condense videos into summaries of their contents, which may or may not
correspond to the most interesting moments that users annotate as highlights. We test the
performance of our trained network on the SumMe (Gygli et al. 2014) dataset, which consists
of 25 videos totaling about 66 minutes, for video summarization. We compute the F-score of
matching the summary frames and compare with the summarization methods listed by Rochan
et al. (Rochan et al. 2020), their own highlight detection method, and the highlight detection
method of HighlightMe (Bhattacharya et al. 2021c). We show the results in Table 9.2, where
we observe our method improves the F-score by an absolute 4% over the next-best method of
HighlightMe and 12% over the SumMe baseline. Our results further corroborate Rochan et al.'s
argument that methods for video summarization can benefit from using networks with param-

eters pre-trained using loss functions for highlight detection.
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Table 9.3: User-Specific Highlights: Ablation Studies. We report the mAPs of all ablated
versions on PHD? (Molino and Gygli 2018). Bold indicates best. As we increase the number of
preferred highlights, we observe that the mAP increases at a decreasing rate, indicating dimin-
ishing marginal benefits.

(a) Ablation 1: Changing  (b) Ablation 2: Using Only One Pre-Trained  (c) Ablation 3: Ablating

the Number of Preferred  Backbone for Highlight Detection. the Training Loss Func-
Highlights. tions.
Backbone mAP

# Pref. Clips _mAP YOLOVS5 (Jocher et al. 2022)  0.164 W/oLoss mAP

0 0.151 Detectron2 (Wu et al. 2019)  0.193 Label 0.155

5 0.197 Both 0.228 Margin 0.192

10 0.211 Sparsity 0.163

15 (max) 0.228 None 0.228

9.5.4 Ablation Studies

We ablate our method in terms of (i) the number of preferred highlight clips used, (ii) the two
backbones leveraging objects and poses, and (iii) the loss functions used for training our net-
work.

To evaluate the benefit of using the preferred highlight clips, we train four versions of
our network using at most 0, 5, 10, and 15 preferred highlight clips per user. We report the
mAPs of the corresponding trained networks on PHD? in Table 9.3a. We observe a monotonic
increase in performance as we increase the number of preferred highlight clips. This shows that
our network learns more accurate representations of user-specific highlight preferences as we
feed it more data on the preferred highlight clips. At the same time, the rate of increase drops
as we increase the number of preferred highlight clips, indicating a diminishing marginal ben-
efit of providing additional clips. We also note that the performance of our method without a
substantial number of preferred highlight clips is worse than the user-agnostic method of High-

lightMe (Bhattacharya et al. 2021c). This is because the highlights in PHD? are largely human-
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centric, which HighlightMe is fine-tuned to detect. However, the performance of HighlightMe
remains fixed, while ours grows and outperforms it as we increase the number of preferred
highlight clips. We expect that combining our user-specific approach with the human-centric
approach of HighlightMe will lead to the best performance on datasets such as PHD?.

We also ablate each of our two network components, the one with the YOLOv5 backbone
and the one with the Detectron2 backbone, and train the network using only the remaining
component. For these experiments, there is no concatenation of the two components. Instead,
we adjust the number of parameters of the first fully-connected layer of the prediction block
HltPred (Figure 9.2 bottom-right block) accordingly. We show the mAP of each of these ablated
networks on PHD? in Table 9.3b. We observe a more significant drop in mAP when ablating the
component with the Detectron2 backbone, which results in the network not explicitly learning
from the human activities in the videos. This is again a consequence of the annotated highlights
in PHD? being largely human-centric.

Lastly, we ablate each of the three loss functions we describe in Section 9.4.1 and train our
network using the remaining loss functions. We report the mAP of these ablated versions in
Table 9.3c. Without the label loss, the label assignment becomes random, being only regularized
by the margin and the sparsity losses. This results in a sharp drop in the mAP. Without the mar-
gin loss, all the predicted highlight scores are closer to the threshold (, resulting in more noise
in the highlight scores around the threshold ¢ and consequently more confusion between the
highlight and the non-highlight labels. Without the sparsity loss, more frames are incorrectly

labeled as highlights, again resulting in a sharp drop in the mAP.
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Table 9.4: User-Specific Highlights: Mean average precision on the DSH dataset (Sun, Farhadi,
and Seitz 2014). Bold indicates best, underline indicates second-best.

. RRAE (Yang Vide92 GIF LSVM .(Sun, Le§s is More HighlightMe
Domain et al. 2015) (Gygli, Song, Farhadi, and (Xiong et al. (Bhattacharya Ours

' and Cao 2016) Seitz 2014) 2019) et al. 2021c)
dog show 0.49 0.31 0.60 0.58 0.63 0.60
gymnastics 0.35 0.34 0.41 0.44 0.73 0.73
parkour 0.50 0.54 0.61 0.67 0.72 0.71
skating 0.25 0.55 0.62 0.58 0.64 0.62
skiing 0.22 0.33 0.36 0.49 0.52 0.61
surfing 0.49 0.54 0.61 0.65 0.62 0.58
Mean 0.38 0.46 0.54 0.57 0.64 0.62

Table 9.5: User-Specific Highlights: Mean average precision on the TVSum dataset (Song et al.
2015). Bold indicates best, underline indicates second-best.

CVS (Panda Adv-LSTM
MBF (Chu, (Mahasseni, Less is More HighlightMe
. KVS (Potapov and Roy- .

Domain Song, and et al. 2014) Chowdhury Lam, and (Xiong et al. (Bhattacharya Ours

Jaimes 2015) ’ 2017) Todorovic 2019) et al. 2021c)

2017)

BK 0.31 0.34 0.33 0.42 0.66 0.57 0.60
BT 0.37 0.42 0.40 0.48 0.69 0.93 0.85
DS 0.36 0.39 0.38 0.47 0.63 0.60 0.62
FM 0.37 0.40 0.37 0.46 0.43 0.88 0.77
GA 0.33 0.40 0.38 0.48 0.61 0.50 0.63
MS 0.41 0.42 0.40 0.49 0.54 0.50 0.55
PR 0.33 0.40 0.38 0.47 0.53 0.84 0.70
PK 0.32 0.38 0.35 0.46 0.60 0.76 0.68
VT 0.30 0.35 0.33 0.42 0.56 0.65 0.61
VU 0.36 0.44 0.41 0.47 0.50 0.77 0.75
Mean 0.35 0.40 0.37 0.46 0.58 0.70 0.68

9.5.5 Performance in Domain-Specific Highlight Detection

For the sake of completeness, we further test the performance of our method on domain-specific
highlight detection datasets that do not contain any annotated user-specific preferred clips. We
test on the domain-specific highlight dataset (DSH) (Sun, Farhadi, and Seitz 2014) and the title-
based summarization dataset (TVSum) (Song et al. 2015). DSH consists of six domains, namely,
dog show, gymnastics, parkour, skating, skiing, and surfing. Each domain contains about 100
videos, and the total duration over all the six domains is around 1,430 minutes. TVSum consists

of 50 videos, totaling around 210 minutes, from ten domains, namely, beekeeping (BK), bike
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tricks (BT), dog show (DS), flash mob (FM), grooming animal (GA), making sandwich (MS),
parade (PR), parkour (PK), vehicle tire (VT), and vehicle unstuck (VU). However, neither of
these datasets provide any user preferences. Therefore, to test our method on these datasets,
we use the testing setup with no preferred highlight clips for any user (Section 9.4.3). We show
the results on the DSH dataset in Table 9.4, and on the TVSum dataset in Table 9.5. The results
of all the methods we compare with are taken from Bhattacharya et al. (Bhattacharya et al.
2021c). We observe that our method has the second-best mean average precision of all the
methods over all the domains. Our method is also at par with the human-centric approach
of HighlightMe (Bhattacharya et al. 2021c) for most of the domains, being only significantly
outperformed in domains that have an abundance of both face and pose modalities and no
other detected objects in the highlighted segments, e.g., flash mob (FM) and parade (PR) in
TVSum. The precision of our method also suffers in the surfing domain in DSH and the bike
tricks (BT) domain in TVSum where our method assigns highlight labels to many objects and
human interactions not related to the ground-truth highlights (such as prepping surfboards,
people interviewing, cars on the street). As part of our future work, for such scenarios, we can
incorporate more human-centric modalities into our pipeline or provide domain-specific videos

as the preferred clips to improve performance.

9.5.6 Qualitative Results

We show sample visual results in Figure 9.5. We show sample frames from the users’ preferred
highlights, the ground-truth highlights in the users’ target videos, and the highlights detected by
HighlightMe (Bhattacharya et al. 2021c) and our method. For our method, we observe content

similarities between the users’ preferred highlights and the target videos, which also largely
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Figure 9.5: User-Specific Highlights: Qualitative Comparisons. We show qualitative re-
sults of our method and the current best baseline of HighlightMe (Bhattacharya et al. 2021c) for
four users in the testing set of PHD?(Molino and Gygli 2018). For each user, we show sample
frames of (i) their preferred clips, (ii) ground-truth highlights selected by them from their target
videos, (iii) highlights detected by HighlightMe (Bhattacharya et al. 2021c), and (iv) highlights
detected by our method. For each user, we observe that our method matches the ground-truth
more closely than HighlightMe (Bhattacharya et al. 2021c). For user 1, our method looks at the
preferences containing surfing, children, and animals, and detects clips of the pandas playing
in the pool. For user 2, our method identifies that the user only selects clips of baseball hits and
detects similar clips. User 3 prefers videos of creating designs and cooking, and detects clips
of designer fried eggs. User 4 prefers looking at the interactions between two characters, and
detects clips consisting of two or more interacting characters.

match the ground-truth. By contrast, HighlightMe (Bhattacharya et al. 2021c) only looks at
the target videos and does not adapt to the users’ preferences. Our method also fails when the
users break their preference patterns in the target videos, or the target videos did not contain

any features similar to the preferred highlights. Please refer to our video results for details.

9.6 Conclusion

We have presented a method for user-specific highlight detection based on multi-head atten-

tion fusion of features from the users’ preferred highlight clips. Our method only requires the
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highlight clips and not the clips users did not select as highlights, thus significantly reducing
the data overhead for training. Our multi-head attention mechanism leverages both objects and
human activities in videos to learn highlights based on their spatial and temporal variations and
mutual interactions. We also perform experiments to show that our method advances the state-
of-the-art in both highlight detection in a large-scale dataset with annotated user preferences
and the related problem of video summarization. We also show that, unlike user-agnostic high-
light detection methods, the performance of our method increases as we increase the maximum

number of preferred highlight clips considered for each user.
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cHAPTER 10

Conclusion and Future Directions

We now take a step back to understand how all our proposed methodologies connect to our big-
ger picture. Our main contribution has been the development and implementation of automated
techniques for affect detection and synthesis using body expressions, and their application in
video understanding tasks. We have also incorporated the subjectivity of affect understanding
and individualistic styles of expressing affects throughout our work, by learning from both vari-
able affect representations and integrating the variable agent styles into our learning methods.
Our methods can also learn efficiently from large-scale data collected using commercially avail-
able devices such as video cameras, thus making it possible to deploy it on affordable hardware

and enabling democratized usage.
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10.1 Summary of Our Work

We began by developing a combination of a supervised classifier network to detect one-hot
affect labels from gaits and a generative network to synthesize gaits given one-hot affect labels
to provide additional training data to our supervised detection method. While this method
advances the state-of-the-art in affect detection, the saturation of the network performance
indicates that our generative network may have overfitted to the small real-world dataset at our
disposal. Second, our classifier network was fully supervised and therefore could not make use
of other real-world gait datasets which do not have affect labels. We also assumed our affects
to be one-hot discrete, which is a strong assumption that does not allow for the subjectivity of
the individual observers’ affect perception.

To overcome some of these limitations, we then designed a semi-supervised learning
method that can leverage widely available unlabeled gait-based datasets for affect detection
in addition to small-scale labeled datasets. This method also incorporates multi-hot affect labels
to allow for some subjectivity in affect perception. However, it still considers discrete affect
labels, which do not span all possible affects. Also, like our previous method, it considers gaits
in isolation, without any other modalities or context. This makes its utility limited in real-world
scenarios that contain multiple simultaneous modalities of affect expressions (such as speech,
facial expressions, and body expressions) and additional context of the human-human interac-
tions. Nevertheless, this method makes good improvements over our previous method and sets
a new baseline for affect detection.

Moving further towards our goal of achieving real-world affect understanding, we next

considered the more real-world centric problem of affect synthesis. Affect synthesis requires
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us to not only learn various affect patterns from data, but also learn how to use them to cre-
ate novel data that we can use in real-world applications. Our first method for affect synthesis
generates affective gaits for digital human characters or virtual agents, as they walk on pre-
defined trajectories. To better incorporate subjectivity in affect perception in this method, we
have also used probabilistic labels distributed over the four affect classes instead of multi-hot
labels. While probabilistic labels allow for smooth control over the affects and affect transitions
during gait synthesis, it still does not span the full VAD space. This method also uses only pose-
based affective and movement features to generate affective gaits, and our subsequent objective
was to incorporate information corresponding to other modalities such as speech and facial
expressions as well as the context of human-human interactions to emulate more real-world
scenarios.

To this end, our next method tackled the problem of synthesizing affective body gestures
synced with the virtual agents’ speech, or affective co-speech body gestures. This method takes
as input the intended affect as a point in the VAD space, some of the agents’ characteristics
such as gender and handedness as binary labels, and the text transcript of the agents’ speech
to synthesize their body gestures. To the best of our knowledge, this was the first method
on synthesizing affective co-speech body gestures, and it had room for improvement. First,
this method maps complete text sentences to gestures, which we could extend to phrase-level
mapping to synthesize affects with finer details. Second, the synthesized virtual agents returned
to the rest pose after every sentence. One way to improve this is to learn the transitions of
the gestures between sentences. Lastly, we assumed binary labels for stylistic features such
as gender and handedness. A possible extension is to relax these assumptions and design a

continuous distribution space of speakers based on their individual speaking styles.
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We have addressed these limitations with our follow-up method, which synthesizes affec-
tive co-speech body gestures for multiple sentences, and assume a continuous space of speaker
styles instead of discrete speaker attributes. This method also does not assume any availability
of intended affect information, but learns it from the speech audio and the gesture data using
separate encoders. Crucially, this method consists of a generative adversarial framework that
we have specifically designed to learn to match the affective information in the synthesized
body gestures with the affective information in original speaker gestures in the dataset. As a
result, this method significantly advances the baseline for affective co-speech gesture synthesis.
Nevertheless, we identify scopes for further improvement. First, we have not built a mechanism
to control the affective expressions, but compute them automatically from the input modalities.
Further investigation on the interface between affective expressions from the speech and the
gestures, especially when expressing contradictory cues such as sarcasm and irony, can lead to
more controllable synthesis. Second, using a finer representation of poses can also improve the
synthesis quality since affective expressions in the gestures are often associated with even more
subtle movements not captured by our current representation. Lastly, our method synthesizes
only body gestures synced with speech. It is possible to incorporate additional real-world con-
text by considering additional modalities such as co-speech facial expressions that synchronize
with the co-speech body gestures.

Our next and latest method on affective human motion synthesis looks into this syn-
chronous synthesis of affective co-speech facial expressions and body gestures, which we col-
lectively term unified expressions. This method extends our previously introduced generative
adversarial framework to consider the multimodal embedding space of speech, facial expres-

sions, and body gestures, and encourages the synthesis of synchronous unified expressions via

258



dedicated face and body pose decoders coupled with appropriate reconstruction and adversarial
losses. As scopes for future extensions, we note that this method uses sparse face landmarks
and pose joints to synthesize co-speech face and pose expressions. We do not account for more
fine-grained expressions, particularly on the cheeks and other parts of the lower face, the hands,
and the fingers. To synthesize these expressions, we one can use more detailed face meshes and
additional pose joints that can be extracted from videos. Further, given the sparsity of our face
and pose representations and the noise associated with extracting them from videos, the qual-
ity of our synthesized motions do not match those synthesized from high-end facial scans and
motion-capture data. We aim to bridge this gap by building techniques to develop more robust
face and pose representations from videos. We also plan to combine our work with lower-body
actions such as sitting, standing, and walking to synthesize 3D animated digital humans in a
wider variety of scenarios. In terms of its running-time cost, our method uses high-end GPUs to
obtain real-time performance. We plan to explore knowledge distillation techniques to reduce
our running-time cost and implement our method in real-time on commodity devices such as
digital personal assistants.

Having developed methods for affective human motion detection and synthesis, we have
also explored their applications in the area of video understanding, specifically, in video high-
light detection. To this end, we have developed two highlight detection methods.

Our first method detects highlights from human-centric videos, by learning from human
actions and affects in videos without any supervision in the form of highlight labels. While
this method leads to state-of-the-art performance in highlight detection on average, its cur-
rent implementation considers only faces and poses as the human modalities. However, many

videos (e.g., videos on grooming animals, making sandwich in the TVSum dataset Song et al.
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2015) exhibit other modalities such as hands and fingers. Nonetheless, our theoretical network
design can accommodate any number of modalities, and we can extend its implementation to
incorporate more human-centric modalities as needed. Also, our method, being human-centric,
does not offer much improvements in videos from domains that are not fully human-centric,
e.g., videos focusing on other living beings, inanimate objects, and natural scenes. To address
this limitation, our follow-up method considers the presence of both humans and non-human
entities in videos to detect highlights.

The key contribution of our follow-up method is to detect user-specific highlights from
videos. Its goal is to learn individual user preferences based on the highlight clips they have
previously watched, and predict highlights for them accordingly from novel videos. This method
leverages the multi-head attention mechanism to learn content-based similarities between the
prior videos users had watched and the novel videos where we are required to detect highlights.
We design our network to consider both the human actions and affects and the non-human
entities in the videos to learn the feature representations for the video contents. This method
sets a new baseline for video highlight detection, with scopes for further improvement. First,
we have considered users’ highlight preferences only at training time and do not consider user
feedback at inference. To this end, we can plan to combine our method with complementary
methods that rely on user feedback to gradually learn their preferences. Second, we can extend
our attention mechanism to incorporate a broader definition of content, including the associated
audio, semantic segmentation of the video frames, and other human-centric modalities such as
faces. Lastly, we do not fine-tune our method to video categories based on domains (e.g., surfing
videos) or the constituent subjects (e.g., human-centric videos). Rather, we design an approach

to combine diverse highlight clips assuming the presence of only generic elements, i.e., objects
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and humans. Nevertheless, our method is suitable for fine-tuning as necessary to improve user-

specific highlight detection in various video categories.

10.2 Applications and Future Research

Looking at the broader scope of our work, we note its impact on modern industry applications
and impact on future research.

In terms of industry applications, our work is integral to the design and implementation
of social VR. We identify three different ways of developing virtual agents for such social VR
applications. One is the virtual assistant that can work as embodied counterparts of the digital
assistants of today. Another is in virtual chat rooms, where people can interact with each other
through expressive virtual avatars, thus ensuring both privacy and engagement. And the third
is developing fully immersive large-scale virtual worlds, where people can interact socially in
semi-structured or unstructured environments, using highly plausible virtual avatars and in-
environment virtual agents at high render resolutions.

Our work also has some limitations that can be addressed as future research directions.
We note that our affect body expression synthesis is automatic given either affect labels or other
modalities such as speech. While these inputs allow indirect control over the body expression
affects, we do not consider a mechanism to directly control how the body expressions should
look. This is particularly useful when adapting to specific speaker styles not captured in our
datasets, especially from a wider variety of social and cultural backgrounds. There has been
some recent work in this direction where the gestures can be directly modified using controllable
features and parameters (Habibie et al. 2021), and we can consider incorporating social, cultural
and affective expressions to such methods.
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Also, while we perform affect detection and synthesis on gaits and gestures, our methods
do not consider all possible modalities of body expressions at once. We have not worked with
some of smaller scale and higher frequency modalities such as eye gaze and hand movements,
particularly because it is challenging to collect data that uniformly represent modalities appear-
ing at such different scales and frequencies. Nevertheless, it is possible to extend our work to
include multi-scale modalities at very different frequencies.

In terms of plausible motion synthesis, our work only considers optimizing data-driven
loss terms such as Euclidean distances between the synthesized and the original human motions,
and differences between affective features either computed or learned from the data. To improve
the plausibility of the synthesized motions, we can also include kinematic constraints of the
human body (An 1984), such as optimizing the energy expended by the body muscles when
performing different motions.

To further enable democratized usage of our proposed methodologies, we can continue
to optimize the design and training of our proposed neural networks. Particularly, we can fo-
cus on reducing the parameter load via knowledge transfer and distillation mechanisms (Ahn
et al. 2019) to eventually make it suitable for edge devices with low compute power such as
smartphones and head-mounted displays.

In the longer term, our work can also extend into broader interpretations of affects, in-
cluding reactive affects in people working in groups, and individual behavior understanding,

both in isolation and during social interactions (Sinha, Bai, and Cassell 2022).
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