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Abstract

How people behave in social interactions is influenced by a multitude of factors.
A large part of human communication is embedded within non-verbal communication.
This type of communication is sent throughout social signals, that are embodied within
low-level social cues (e.g. gaze, posture, gestures). In order for intelligent systems to
seamlessly interact with humans, they need to possess some form of social intelligence.
That includes expressing and recognising social signals. The field of social cue fore-
casting intends to predict low-level behavioral cues within social interactions, allowing
systems to adapt their behavior according to the forecasted behavior of interlocutors,
or synthesize human behavior on the basis of the prediction. Within social science the-
ory, it has been established that these behavioral cues are dependent on social context,
as well as individual idiosyncrasies. Under earlier work within human behavior syn-
thesis, the latter has been mostly used, and referred to as ’style’. This work attempts
to broaden the traditional view of style and proposes a model for incorporating both
group, and individual-level style using a hierarchical latent variable model. To adapt
to unseen groups, we incorporate this hierarchical latent structure into a meta-learning
model. Introducing the hierarchical neural processes and social processes models. Af-
ter testing these models on a real-world dataset containing triadic interactions, it turns
out that most models fail due to posterior collapse. This prevents them from learning a
useful latent representation containing semantic information with respect to forecast-
ing future sequences of social cues. To combat this, a constant weight was assigned to
a part of the loss term. However, as the issue still persists, it leaves us unable to prove
whether our proposed method improves upon the baseline approach. Therefore, future
work on posterior collapse in neural processes models is needed.
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Preface

During the first period of my master’s, it was unclear to me what subject would be interest-
ing to study for an extended period of time. However, during most courses the themes that
captivated me the most were in the fields of human-computer interaction and machine learn-
ing. After orientating with Chirag about possible thesis subjects, I started reading about a
variety of research fields and concepts, which got excited to work on the topic of human be-
havior forecasting. After months of working and learning about the topic, as well as related
subjects within the research group, I am proud to say that it was a rewarding journey. Even
though I was not well acquainted with the topic at first, I felt like I gained a lot of knowledge
in such a short time span, both in the technical sense, as well as in the sense of designing a
research project. Therefore, I would consider this to be the most fruitful experience during
my entire study career.

Before you lies my thesis, as part of my final examination for the Computer Science Mas-
ter’s program. I hope you will enjoy reading it.

Bilal El Attar
Delft, the Netherlands
December 8, 2022
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Chapter 1

Introduction

In the last decade, there has been an increase in the interest in intelligent systems. However,
these systems are often socially ignorant, meaning that they hardly possess any form of
social intelligence [47]. Contemporary systems have the goal of interacting with humans.
However, They often have a simplistic view of the conversation, and ’might not account
for the fact that human-human communication is always socially situated” [47]. It has
been established that a part of intelligence within humans, is “’the ability to express and
recognise social signals and social behaviours like turn-taking, agreement, politeness, and
empathy, coupled with the ability to manage them in order to get along well with others
while winning their cooperation” [47]. These social signals and social behaviors are often
embodied within a variety of low-level non-verbal behavioural cues (e.g. body posture,
motion, facial expressions, prosodics) [47]. These low-level cues have been the center of
multiple studies on generating [24, 50, 2, 50, 30, 12] and forecasting non-verbal human
behavior [1, 43, 2, 38, 8]. Within social interactions, humans form their non-verbal human
behavior patterns on the basis of interpersonal dynamics [47, 32, 2], amongst other factors.
One example of this is turn-taking. where participants of a conversation tend to coordinate
their speech by predicting if a turn-taking event is close [32, 15].

The field of non-verbal human behavior forecasting is concerned with predicting these
types of low-level cues. Within this area, researchers have proposed methods to predict non-
verbal behavior for multiple use cases, including autonomous vehicles, intelligent robots,
and multimedia [32]. However, another direction within this field is predicting human mo-
tion within social interactions [24, 1, 38], also known as social cue forecasting. Forecasting
non-verbal behavior within that setting allows us to reason about, and generate social cues
for social intelligent systems while dealing with the uncertainty of future context. However,
one thing to note is that human motion is a complex problem, meaning that it is influenced
by a variety of factors. Some important factors that studies have shown to have an effect on
gesture production, are social context [33, 19, 22], as well as certain personal, idiosyncratic
factors such as age [3], and personality [22]. The concept of gestures being idiosyncratic has
been studied within various synthesis tasks [50, 2] and has been put under the term ’style’.
However, the proposed concepts of style seem limited and only try to capture the individual
aspect of it. We argue that in addition to this individual-level style, we can also speak about
group-level style, which would be inherent to the social context of the social interaction.



1. INTRODUCTION

Having this knowledge about style within a conversation might benefit a prediction model
by forecasting behaviors that are more in line with the context of the specific interaction,
as well being more in line with individual manifested behaviors of a participants within the
interaction (idiosyncrasies).

The goal of this thesis is to propose a method that models style within a latent variable
model for the task of human motion forecasting within social interactions, on both an in-
dividual, as well as a group level. To try and incorporate this into the model, we plan on
utilizing some theoretical aspects about style, together with various state-of-the-art machine
learning techniques.

1.1 Research Questions

The main research question we plan on answering within this thesis is:

How can we learn group and individual-level style within a latent variable model,
for the task of social cue forecasting?
The main research goal of this thesis is to design an approach that learns style in the context
of social cue forecasting, using a latent variable model. A latent variable model assumes the
data to be generated from unobserved/hidden variables. Modeling style within the model
would help us understand the generation process for social cues, as well as might help the
accuracy of the prediction model. In order to learn style, we propose the distinction between
group, and individual-level style. From this main research question, we follow up with the
following sub questions and hypotheses:

How does the introduction of group, and individual-level style impact the predic-
tions of the model?
To answer this question, we plan on evaluating the outcomes both qualitatively, and quanti-
tatively on a baseline, and proposed model. Our hypothesis is that:

The introduction of group and individual-level style benefits the accuracy and learning
ability of the model.
Meaning that the model should be able to produce outputs closer to the ground truth, while
also performing better with respect to the loss function used while training the model.
This hypothesis is motivated by previous work, showing improved performance and log-
likelihood when introducing a structure within latent variable models [40, 42, 44]. Another
sub question we plan on answering is:

How is group and individual-level style represented within the latent space?
To answer this question we plan on generating a lower dimensional representation of all
latent vectors and comparing them between groups, as well as between individuals within
every interaction . Our hypothesis is that:

Group-level latent variables generated from the same group cluster together



1.2. Contributions

This hypothesis is formed on the intuition about group-level style being different between all
conversations, while latent variables generated from the same interaction would be similar
or equal. Due to the fact that the social context remains similar within the same conversa-
tion.

1.2 Contributions

In this thesis, we hypothesize that situated interactions have both group dynamic and indi-
vidual dynamics that can be leveraged in order to improve the performance of social cue
forecasting models. We present a hierarchical latent variable model within a meta-learning
framework that incorporates the use of style for the first time in a social cue forecasting set-
ting. Therefore, the contribution of our work lies both in the area of social cue forecasting,
as well as in the probabilistic machine learning field due to our proposed novel architecture.

1.3 Research Context

This study was conducted at the Delft University of Technology Socially Perceptive Com-
puting Lab and can be interpreted as an extension of the work of Raman et al. [38]. The
dataset that was used, was made publicly available by Carnegie Mellon University [24].

1.4 Outline

The thesis is organized as follows:

* Chapter 2 presents the social science background and a review of related work on
non-verbal behavior synthesis, forecasting, and style.

» Chapter 3 provides an overview of the technical details and concepts that underpin
our proposed method and experiments.

* In Chapter 4, we describe our methodology for learning group and individual-level
style from conversations.

* Chapter 5 discusses the experiments we conducted to test our proposed method, an-
swer the appropriate research questions, and validate our hypotheses.

* Chapter 6 presents and analyzes the results of our experiments.

* Chapter 7 discusses the limitations of our work, general phenomenons visible within
the results of our model, and various ethical considerations.

* Finally, Chapter 8 concludes our work and offers directions for future research.






Chapter 2

Background & Related Work

Although a large part of human communication is embedded within verbal or textual infor-
mation, it does not provide a full picture of communication [48]. Human communication
is multimodal by its nature. This means that individuals make use of a combination of
multiple modalities (e.g. gestures, prosodics, gaze, facial expressions, verbal language) ex-
hibiting social signals in order to convey information to others within a social interaction.
This chapter looks at types of non-verbal human behavior and style from a social science
point of view, before discussing the concept and previous work in the fields of social cue
forecasting and synthesis.

2.1 Social Cues and Signals

Even though a real definition of social signals is hard to define, Vinciarelli and Pentland
[46] note most definitions used within the literature agree on one point: “social signals
are observable behaviours that produce, intentionally or not, tangible changes in others,
whether this means modifying their inner state (e.g., to stimulate the emotions they expe-
rience), to modify their observable behaviour (e.g., to make them laugh in response to a
joke) or to change their beliefs about the social setting (e.g., to make them aware of conflict
or disagreement)”. This makes it evident that these cues serve multiple functions in social
interactions. Within figure 2.1, the most common functions that social cues contribute to
are shown [46]. Note that the lines between these cues and their assigned function are not
one-to-one relationships, meaning that multiple cues or even combinations of cues can serve
one, or multiple functions.

Most of these social cues are exhibited automatically without the participants being
aware of showing them, leaving us with “little insight into its critical role in interactions”
[37]. And although the critical role of non-verbal communication (e.g. social cues) is
undeniable [48, 37], the inner workings are still poorly understood, making it hard to
formalize rules about how to understand and use social signals” [24]. Even though we
know little about the production of social cues, studies in the past have shown that the
anticipation of these social cues is important in certain areas within social interactions such



2. BACKGROUND & RELATED WORK

as turn-taking [15, 25], where participants coordinate their speech by predicting when a
turn-taking event is close, based on the behavior of their interlocutors [32]. This concept
of anticipation and the overarching interpersonal factors that drive social interactions are
related to the concept of adaptation.

Cues Functions
Faceand Head = ... ]rr_lp_ression
Behaviour Managemerit - ..
¢ ?
Vocal Behavi .. Emotion
__vocal Behaviour Expression - m
Gestures and Sending Relational
e e . )..
Posture Messages
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" Deéception Detection

Spaceand. Social Verticality -
Environment © Expression

Figure 2.1: Non-verbal social cues and some functions that these contribute to. Taken from
Vinciarelli and Pentland [46]

2.2 Adaptation

Adaptation undergirds social organization and is coordinated through verbal, as well as
non-verbal communication channels [7]. Within social science, various forms of adaptation
in social interactions have been identified and studied. These include mirroring; the phe-
nomenon of two actors displaying identical visual signals (e.g. both sitting with their legs
crossed), convergence; the concept of one actor’s (non)verbal behaviour becoming more
like another’s over time, and synchrony; ’the degree to which behaviors in an interaction
are synchronized in both timing and form” [7]. The key takeaway from existing research
on these forms of adaptation is that individual behavior in social interactions is influenced
by the behavior of others, specifically the non-verbal social cues of each participant within
a conversation.

2.3 Style

Social cues exhibited by individuals within a social interaction are dependent on social con-
text [33, 19, 22]. Consider an individual interacting with his/her friends, as opposed to a
formal setting. The intuition here is that the individual would exhibit social cues differ-
ently between the two situations. As with the use of voice, it has been shown that pitch,
speech rate and voice quality help in differentiating politeness levels [9]. As the underlying

6



2.4. Modeling Non-verbal Human Behavior

concept, we can say that social cues in this case change due to the social context of the
interaction (an environment where politeness may or may not be desired). Social context
in this case refers to the setting in which the interaction takes place, meaning the physical
environment, as well as the social environment. Although determining an exact definition
of social context might be hard, it has been shown that multiple factors that are fundamental
to the concept of social context are relevant for gesture production [19, 22] and language
processing [33]. Some of these factors include culture [29, 17], social information (social
cues exhibited by conversation partners) [33], and verbal content [20].

Additional to the notion of social cues being dependent on the social context, social
cues are also idiosyncratic [35]. Meaning that each individual has their own way of emitting
social signals within interactions. This variability between people has been studied within
previous work on gesture production, and has been attributed to various factors such as age
[3], verbal and spatial skills [21], and personality [22]. In previous work on synthesizing
non-verbal human behavior, as discussed later on in this chapter, this is referred to as an
individual’s style. However, we reason that in addition to this individual style, one could
also determine a group-level style within situated social interactions, based on the social
context. The intuition is that as the social context between different groups changes (e.g.
due to personal relations, or a change of subjects), the participants will exhibit different
social cues. Following from the example described earlier, a person might change some of
their social cues and use of voice depending on the formality of the interaction [9]. Although
an exact definition of style is hard to describe, one of the goals of this thesis is to see what
the style variable encompasses.

2.4 Modeling Non-verbal Human Behavior

As stated before, social cues serve an essential role in social interactions. By modeling
these social cues, it is possible to both form policies within social systems that reason on
future non-verbal behavior, as well as synthesize this behavior. Consider the case of a so-
cial robot that could anticipate whenever a turn-taking event is approaching within a social
interaction. The robot would be able to change its behavior based on that anticipation, and
instead, wait, or throw some other line of dialog depending on the prediction. An example
of this is a study by Bohus and Horvitz [5], where they make use of a forecasting model in
order to predict the (dis)engagement of subjects when interacting with a physically situated
dialog system. They propose an engagement policy that takes the forecasted behavior into
account. Figure 2.2 shows the formulated policy depending on Ppjsengage; the probability of
the conversation partner disengaging. According to the different thresholds on this proba-
bility, the system decides what corresponding action to take.

In addition to forming policies, a social robot could synthesize social signals, for exam-
ple by using social cues in order to signal a turn change in advance. Summarizing these two
tasks, the modeling of behavior is often divided into two related areas: non-verbal human
behavior forecasting, and synthesis. These two fields are fairly similar, and one could argue

7
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that non-verbal human behavior forecasting encompasses non-verbal human behavior syn-
thesis as well. However, strictly speaking, the difference between the two is that synthesis
tasks generally aim to synthesize the social cues of a target person (or multiple) within a
certain time window, by using some modality (e.g. speech) of the avatar itself or social cues
exhibited by the other participants in the interaction within the same time window. In con-
trast, work on forecasting typically focuses on predicting social cues of multiple individuals
(or sometimes a single individual) within a time window in the future. For this purpose,
social cues of the entire group within a previous time window are used. State-of-the-art re-
search uses deep learning techniques in order to predict, or synthesize a sequence of social
cues (e.g. gestures [2], upper body orientation, location and speaking status [38]). As the
two tasks are closely related, some general methods and theory could be useful for both task
formulations.
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Contnbute something else?
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Figure 2.2: Disengagement policy with hesitation actions, from Bohus and Horvitz [5]

2.5 Related Work

The previous section provided an overview of the background and social science concepts
relevant to social cue forecasting. However, as the goal of this project is to formulate a
model for learning style, it is useful to review existing approaches proposed in the liter-
ature. Within this section, different work on non-verbal human behavior and synthesis is
examined. In addition, we review existing work on non-verbal human behavior synthesis
that incorporate the concept of style.

2.5.1 Non-verbal Human Behavior Synthesis

As established earlier, the main difference between non-verbal human behavior synthesis
and forecasting lies within the task description. While forecasting tasks generally aim to
predict social cues of every individual within an interaction, given only previous sequences
of that same group, synthesis tasks often focus on a single person, given some modalities
within the same timeframe. For example, a study by Ferstl et al. [12] on co-speech gestures
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proposes a gesture generator as part of their architecture. This generator translates speech to
gestures by using prosodics as input, outputting 21 upper-body keypoints. One interesting
concept within this work is that they utilize the theory of gesture phases. This concept
has been described in early work examining gestures [30], and is included in some form
within their model. This idea of a social-science-grounded method, by including some
prior knowledge of non-verbal behavior turned out to be important in generating gestures
that are in line with the theory of gesture phases [12].

2.5.2 Incorporating Style

Social cues exhibited within an interaction are both dependent on social context, as well
as idiosyncratic factors. The concept of gestures being idiosyncratic has been used within
various works within the field of gesture synthesis by including or learning a style variable
[2, 50, 16]. The motivation behind including this style variable often lies behind the idea
of style transfer. In which a model would be capable of “generating gestures for a speaking
agent ‘A’ in the gesturing style of a target speaker ‘B’ [2]. Ahuja et al. [2] propose a model,
named Mix-stAGE, that takes an audio signal as input and aims to perform two tasks: style
preservation, as well as style transfer. The goal of style preservation is to take each in-
dividual’s style into account, while generating gestures for multiple people. Although the
concept of style transfer does not seem appropriate for forecasting non-verbal behavior, the
concept of style preservation could prove to be useful. A forecasting model that is able to
gain knowledge of people’s individual styles within the conversation, would also be able to
predict more fitting behavior that is in line with the style of that individual. This intuition
forms the basis of including this in a forecasting model.

In a study by Yoon et al. [50], a gesture generation model is proposed based on the
trimodal context of text, audio, and speaker identity. The speaker identity is used in this
case to provide a particular style to the generation model. To provide such a style variable,
a style embedding space is learned from speaker identities. By sampling from this space,
it is possible to generate gestures with a different style that was not necessarily part of the
dataset. The resulting embedding space is shown in Figure 2.3. Although this seems a good
way to show the versatility of style and what style encompasses in this sense, it presents a
’simple’ decomposition of the concept. Therefore, we can define a few limitations. First of
all, as with most work on style, the study assumes that style does not change in the short
term, so the same style embedding is used throughout the entire synthesis. However, in a
study by Wells [49] on gestures within a classroom environment, they found that ”student
gestures grew in size and became more animated as their confidence in their utterances
increased”. Suggesting that individual style can evolve over the short term. Additionally,
this concept of style only considers the individual level, whereas we can also define a group-
level style that is based on social context. Finally, existing work does not take the behavior
of interlocutors into account for deciding this style variable, which is also due to the fact
that most work focuses on monologues instead of interactions.
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Figure 2.3: The resulting embedding space and generated samples with their associated
gesturing style (generated from the same speech sample), visualized in two dimensions
using UMAP [34]. E stands for extrovert, while I stands for introvert. R, L, and B stand for
left, right and both respectfully. ”The points represent degrees of motion variance via color
and degree of handedness by its marker types”. Image from Yoon et al. [50]

2.5.3 Non-verbal Human Behavior Forecasting

Previous work in human motion forecasting has focused on predicting human motion for
multiple use cases, including autonomous vehicles, intelligent robots, and multimedia [32].
However, another direction within this field is predicting human motion within social inter-
actions [24, 1, 38]. As told within the previous section, forecasting human motion within
that setting allows us to reason about, and generate human motion for socially intelligent
systems while dealing with the uncertainty of future context.

There have been a variety of models proposed within earlier work on forecasting social
cues. One of these, is an interesting paper by Ahuja et al. [1] that tries to predict non-
verbal behavior of an avatar in a dyadic setting. Within their task formulation, they divide
the input features into two categories: interpersonal, and intrapersonal dynamics. Interper-
sonal dynamics is defined as the behavior of the interlocutor within the previous timesteps,
while intrapersonal dynamics represents the behavior of the avatar within these previous
timesteps. The model is trained on a dataset consisting of one person who interacts with 11
different participants for around 1 hour each, this one person being the same across every
conversation. Referring to the social theory behind gestures being idiosyncratic, this might
be a limitation. Therefore, it might perform well when predicting gestures for the individ-
ual considered within the dataset, but considering a setting where the system runs on unseen
data samples, it might be less accurate.

More recently, a context-aware forecasting model for dyadic interactions has been pro-
posed by Tuyen and Celiktutan [43]. They make use of a generative adversarial network

10
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(GAN) [18]. This is one approach of generative modeling where the model exists of two
parts; a discriminator and a generator network. The task of the generator is to generate
samples that conform to the original data distribution, while the discriminator’s task is to
differentiate between fake, generated samples, and real samples from the data. During a
min-max game of these two parts, the model tries to optimize both goals. However, as the
task in this model is to predict future sequences, generating samples using a GAN has to
be conditioned on a previously observed sequence of behavior. Therefore, they make use
of the cGAN model [36], which is inherently a variation of the original GAN model with
the use of a conditional input for the generation task. Furthermore, context-aware in the
context of this research means taking interpersonal dynamics into account (features of the
interlocutor). Similar to the work of Ahuja et al. [2], they found including these features
to be important for generating accurate results. However, like the work of Ahuja et al. [2],
the model might have problems in adhering to the idiosyncratic traits in gesturing behavior
when being presented with a sample outside the dataset. Although one thing they improved
upon was using a varied dataset containing multiple participants. Besides this, the model
solely focuses on dyadic conversations.

In addition to some of the shortcomings described, the discussed models assume one
correct deterministic future for the individual(s) within the interaction. However, observed
sequences can have multiple correct futures. For example, ’a window of overlapping speech
between people may and may not result in a change of speaker” [38, 11]. There are a few
works that try to overcome this assumption of a single, deterministic future by considering
a distribution of futures [38, 8]. A study by Raman et al. [38], which this work builds
upon, predicts a distribution of futures, and also tries to tackle the issue of generalizing
to unseen data samples. For the latter, they take on the task of social cue forecasting task
using a meta-learning approach. The idea of meta-learning within this context is to adapt to
unseen supervised tasks by learning how to learn from a dataset. Adopting a meta-learning
approach leaves us with a way to infer knowledge from samples at test time (see Chapter
3: Preliminaries, for an in-depth explanation of meta-learning). In addition to this, the
model is agnostic of the set of features and number of individuals within the interactions
of a particular input dataset. However, as all forecasting work, it does not incorporate any
notion of style. Therefore, we propose one of the first forecasting models that tries to learn
both group-level, as well as individual-level style.

11






Chapter 3

Preliminaries

Before explaining the proposed method, we need to establish some required knowledge that
forms the basis of our approach. We start off with formalizing the social cue forecasting
(SCF) task and the theory of latent variables, before going into the specifics of the models
used within this study: the variational autoencoder [28], the neural processes [14], and the
social processes model [38].

3.1 Social Cue Forecasting

As described in work by Raman et al. [38], the goal of SCF is to predict a future sequence
of behavioral cues of every person involved in a social interaction based on an observed
sequence of their behavioral cues. Formally defined, a window of increasing observed
timesteps is denoted as tobs = [01,02,...,0T], and an unobserved future timewindow can be
denoted as tsy = [f1, f2,..., fT], the only condition being f1 > oT. This means that a delay
between the observed and future time window could be possible. We use these timewindows
to define the behavioral cues of all participants in the conversation over #opgand #g;:

Y = [blir € tr] (X = [b31 € tops]l, (3.1)

Where bﬁ is the set of behavioral cues of person i at timestep r. We try to predict a
distribution over futures. This is motivated by the fact that an observed sequence often
has multiple ’correct’ or probable outputs. In addition, this is also useful for expressing
uncertainty over the predicted outcomes. In short, the goal is to model the distribution
p(Y|X).

3.2 Latent Variable Models

Contemporary work often makes use of latent variable models for learning a probability
distribution for generative models. The goal of a generative model is to learn the distri-
bution of the original data, in order to generate new convincing data samples. The main
premise within latent variable models is that unknown hidden/unobserved/latent variables
are assumed to generate the observed data. These latent variables are abstract numerical

13



3. PRELIMINARIES

values, that typically do not contain an easily interpretable meaning with regard to generat-
ing observed data.

Strictly speaking, the goal of a latent variable model is to model the distribution of the
data X: p(X). Before we dive into an explanation of how a latent variable model tries to
accomplish this, we define the following probability distributions:

* The prior distribution: p(z). This distribution models how z, the latent variables,
behave.

o The likelihood: p(X|z), which defines how every latent variable translates to a data
sample x (where X is the entire set of data points).

* The posterior distribution: p(z|X). This distribution describes how latent variables
are generated from a data point.

Within a latent variable model, we can divide the objective
P(X) within two parts: inference, and generation. Inference refers
to the part of finding a useful representation of the observed
sequence into a latent vector z. This is formulated by the pos-
terior p(z|X). While generation in this case refers to the pro-
cess of generating a future sequence from this latent vector z.
This in turn is represented by the likelihood p(X|z). Figure
Generation: 3.1 shows a graph of a general latent variable model and the
PXIz)  two objectives. Inference might be a hard problem however,
since it involves calculating the posterior p(z|X). According
to Bayes rule, we can rewrite this probability as follows:

p(X|z)p(z)
p(X)

The term in the denominator p(X), is also called the evidence.

Figure 3.1: Generation and By marginalizing the latent variables we rewrite the evidence
inference within a latent 4 the following:

variable model

Inference:
P(z|X)

p(z|X) = (3.2)

P(z)

pX) = [ p(Xl2)p(2)dz (33)

In order to compute the evidence p(X), we need to evaluate all possible values of z, which
would require exponential time, making this computation intractable. To overcome this,
we approximate this posterior using a method called variational inference (VI) [4]. The
general idea behind V1 is to find the best approximation ¢*(z|X) of the true posterior p(z|X)
from a tractable family of distributions Q. This is done using the Kullback-Leibler (KL)
divergence, which is a measure of similarity between two probability distributions. The
formulation of the KL divergence is as follows:

X
KLIg(X)|[p(X)] = —E,x) [log’;gxﬁ (34)
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3.3. Variational Autoencoder

We can use the KL divergence to formulate the objective of VI; finding an approximation
g*(z|X) that minimizes the KL divergence between the approximation and the true posterior.
This is formulated as follows:

q" (z[X) = argmin KL[¢(z|X)|| p(2]|X)] (3.5)

q(z|X)eQ
Using this approximation ¢(z|X), or variational posterior as the approximation is also
called, it still seems like we need the posterior p(z|X). However, we can derive an alterna-

tive objective from equation 3.5 that is easier to optimize, called the Evidence Lower Bound
(ELBO):

ELBO(q(2|X)) = Eq(zx)[log p(X|2)] — KL|g(2|X)||p(2)] (3.6)
Maximizing the ELBO is equivalent to minimizing the KL divergence between the approxi-
mation and true posterior. In addition to that, it also serves as a lower bound on the evidence
p(X), which explains the name. In short, by optimizing the ELBO, we can find an approxi-
mation closer to the true posterior, while also optimizing the log-likelihood of the evidence
log p(X), thereby modeling the distribution p(X).

3.3 Variational Autoencoder

One type of generative models is the variational autoencoder. As summarized in Figure 3.2,
this is a neural network architecture that consists of two parts; a probabilistic encoder and a
probabilistic decoder. In the case of social cue forecasting, the encoder takes a previously
observed sequence as input, which it maps into a latent distribution. From this distribution,
a latent vector is sampled. The decoder maps this latent vector into a future sequence of
behaviors. As this is essentially a latent vector model, the model is trained using variational
inference. The encoder represents the approximation of the posterior: ¢, (z|X), while the
conditional p(Y|z) is represented by the decoder. This type of model is trained using amor-
tized variational inference, meaning that the model learns a single function (parameterized
by a neural network) that maps the data and posteriors, in order to maximize the ELBO as
formulated in Equation 3.6.

3.4 Neural Processes

A neural network-based model “that uses latent variables z and data X as inputs; f(X,z)
can be considered a neural latent variable model” [13]. Neural processes (NPs) is a class
of neural latent variable models proposed by Garnelo et al. [14, 26]. This class of models
makes use of the idea of meta-learning and is capable of estimating an uncertainty over
predictions.

3.4.1 Meta-learning

Typical supervised learning algorithms are trained to model a function mapping an observa-
tion x to a predicted output: f(x). This would be trained on a dataset C = (X¢,Y ¢), which

15



3. PRELIMINARIES

Probabilistic Encoder

Z|X
Observed sequences Q¢( | ) Future sequences
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Figure 3.2: Variational autoencoder architecture. Figure is partly from Lil’Log

we can rewrite as C = {(x',y")¥ ,} for N individual input and output pairs. We refer to
this set as the context set. At test time, the model is typically run on an unseen target set;
T =(Xr,Yr)={(x",y)K,}, where we run f(x') for every target input in the set in order
to get a prediction that is compared to the ground truth y*, also called the target output.

The concept of meta-learning is to adapt to unseen supervised tasks by learning how to learn
from a dataset. This leaves us with a way to infer knowledge from samples at test time. For-
mally defined, instead of learning a predictor f(x), we learn a predictor f(x,C). This is
done by dividing the entire dataset into tasks, creating a collection of related datasets, also
known as a meta-dataset. This meta-dataset is defined as M = D?’:’“f“, where each task D
consists of a context and target set: D = (C,T) = {(x',y')}<1].

We train the meta-learner on this meta-dataset, where the model fits each subset of target
points 7' given the context observations C separately for each task D. At test-time, we adapt
the predictor f(x,C) to an unseen task by providing a new context set to make predictions

for some unseen target points.

3.4.2 Stochastic Process

We established meta-learning as learning a predictor f(x,C), however, instead of estimating
a single prediction given a target input x7, NPs meta-learn a map from datasets to stochas-
tic processes, resulting in a distribution over predictions p(y;|xr,C). Within figure 3.3,
an overview of the model is provided. In order to model such a stochastic process, we use
neural networks that parameterize the predicted distributions. NPs encode the entire context
set C to a representation rc. This representation is computed by first encoding every y; and
X; pair of the context set into a representation r;, before aggregating all individual represen-
tations r; into a representation r. using an aggregator m (often they take the mean over the
individual representations). This is called the deterministic path. Additional to this, there
is also a latent path, which models the distribution p(z|C). The result of the latent path is
a latent variable z, that represents the entire context set. This latent variable is generated
by encoding the representation of every pair within the context set into a vector s;, aggre-
gating, and then sampling a latent vector z out of the factorised Gaussian parameterised
by s¢ = s(xc,yc). Another possibility is to compute the distribution s¢ directly from the
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3.5. Social Processes

context set, instead of individually for each input-output pair in the context set. To predict
a target output, we feed the sampled latent vector z from the latent path, the representation
r. from the deterministic path, and target input x, to the decoder. The result is a prediction
y,. Formally speaking, the generative process is defined as follows:

logp(¥IX.C) = [ p(Y|X.C.0p(z.C)dz= [ p(¥|X.re.2)q(elsc)dz  (B7)

The parameters are learned for random subsets C and T of a task D by maximizing the
ELBO, which differs from the standard latent variable model ELBO, as defined in Equation
3.6. The main difference being the log-likelihood of the conditional distribution p(Y|X),
together with incorporating the meta-learning formulation:

logp(Y|X) > Eqyzjs;) log p(Y X, rc,2)] — KL[g(zs7)l|g(z]sc)] (3.8)

ENCODER DECODER

Deterministic
Path

______ Latent
Path

@ Mean

Figure 3.3: Neural processes model, taken from Kim et al. [26]. On the left side, a context
set is defined, that exist of input-output pairs {x;,y; } till {x3,y;}. These pairs are used as
input for the deterministic, and latent path. Where for the former we use a neural network
MLPy to compute the individual representations, and the latter we use a neural network
MLPy for computing the individual representations

3.5 Social Processes

Social processes [38] take the ideas of meta-learning and stochasticity from the NP models
and apply this to the task of social cue forecasting. The general motivation behind this is
that participants are unlikely to adapt similarly across different groups, due to various factors
(e.g. social context, as discussed within this chapter). Figure 3.4 provides an overview of
the social processes architecture. This family of models creates a meta-dataset by dividing
the dataset into tasks containing sequences from the same group, which leads to the meta-
learner learning a predictor for a particular group by only conditioning on observed-future
sequence pairs of that same group. This allows the model to adapt its forecasts to a group
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at test time, meaning it would presumably generalize better when presented with unseen
groups. The goal of these models is to model the distribution p(Y|X,C), where Y is the set
of target outputs, and X is the set of target inputs. The generative process is a bit different
than the one formulated by the NP model in Equation 3.7. Instead of feeding an input
sequence to the decoder, we encode an observed sequence x' of every participant p; into an
encoding €', and feed a concatenated vector e, consisting of every individual encoding of
every participant e’ into the decoder. So in essence, the decoder only accesses x' through
e'. As social behavior is interdependent (as discussed within this chapter), e encodes both
participant p;’s own behavior, as well as the behavior of partners p; ;_ ;.

Process Encoder Process Decoder

S T o @) -\%r* or fe

// r*or /
|

5% ) — G gy 5
Xq eng H ‘
Deterministic Path

Latent Path
" seq decoderl
socnal encoder w — w

aggregation

O—- @) mean (@) mean (sPyor

cross-attention (ASP)

z encoder

Figure 3.4: Social processes model, taken from Raman et al. [38]
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Chapter 4

Methodology

Previously, we found that non-verbal human behavior is influenced by both social context
and individual factors. To account for this, we introduced the concept of style in order to
model non-verbal behavior within social interactions. One important assumption that was
established, is that each individual and social interaction has their own unique style. In
order to create a model that is able to learn both individual-level and group-level style from
unseen conversations, we propose a meta-learning hierarchical latent variable model.

4.1 Hierarchical Latent Variable Model

The task of predicting future sequences of behavioral cues is inherently a generation task
conditioned on the observed sequence of behavioral cues. By introducing a latent variable
model, we aim to model the probability distribution p(¥|X) with the use of a latent variable.
In this specific case, this means that an observed sequence x; is mapped into a latent variable
z, which is then used to generate a future sequence. Therefore we can rewrite the conditional
as the following:

p(¥1X) = [ p(¥|X.2)dz = [ p(¥|X.2)p(alX)dz @

The goal of this study is to learn style within a conversation. As established in Chapter
2, we can distinguish the style of the entire interaction from individual style, unique to
each person within the interaction. This is motivated by the fact that behavioral cues are
dependent on social context, and behavioral cues also being idiosyncratic. On a higher level,
the group style would be based on the collective behavior of every participant, and should
be distinguishable from other interactions. Because this style is based on the collective
behavior of every participant, we assume the individual styles of participants also being
deducible from this variable. Within previous work, the structure of the latent variable
Z has been altered in order to represent some semantic meaning within a generation task
[42, 51]. Motivated by that idea, we plan on incorporating prior knowledge of the task in
order to learn group-level, as well as individual-level style. We came up with the structure
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|

:

(b) Proposed hierarchical latent variable

(a) Standard latent variable model model

Figure 4.1: The two latent variable models

as shown in figure 4.1b. From an input sequence, we encode a group-level latent vector zg,
which is used to generate latent vectors 2y, ..., 2, for all n individuals within a conversation.
These individual latent vectors are in turn used to decode a single future sequence y; for
a specific individual. When incorporating this hierarchical structure in a latent variable
model, we enforce the model to condition every individual latent variable z; till z, on the
group latent variable zg, and to only take the latent vector z; of a single person into account
when predicting a future sequence for that individual p;. Note, however, that the number
of people within every conversation within the dataset should be equal to the number of
individual latent vectors as specified by the architecture, and is not adaptable to different
group sizes. Therefore, the number of individuals within the interactions used as input
should be constant. Meaning we require some form of prior knowledge on the number of
individuals within each interaction.

4.1.1 ELBO

As opposed to a traditional latent variable model, where the input is encoded into a single
latent variable, a hierarchical latent variable model creates a hierarchy of latent variables.
Therefore, the standard ELBO formulation changes. As our goal is to model the distribution
p(Y|X), we derive the ELBO from the log-likelihood:
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logp(Y|X) = /logp(Y\X,z)dz
Zz
= /logp(Y\Zind)P(Zind|ZG)P(ZG|X)dz
z

— log / (Y |Zina) P (zina|26) p (261X ) dz
Z

- log/zP(YZind)P(zind‘ZG)P(ZG|X)dZZE§:§§

P(Y|Zind)p(zind|ZG)p(zG|X)}
q(z|X)

(Y |2Zina) P(zina|26) P(z6|X) ]
q(z|X)

p
= Ey(x) [P(Y |Zina] + Eg(zx) [

dz

=10gE,(x)[

2 Eyzx) [log (by Jensen’s inequality)

(zind|z6)p(z61X) ]
q(z|X)
= Ey(x)[P(Y |2ina] — KL[q(2|X)||p(2inalz6) p(z6|1X)]

4.2)
Where z;,4 is the set of individual latent vectors {zi, ..., 2z, }, and ¢(z|X) = q(z¢|X) [T, 9(zi|zc)-
As the distribution of every individual latent variable is independent of the other individual
latent variables, we can further marginalize the term p(zinq|2¢) into [T, p(zilz6))-

4.2 Meta-learning

Previously, we defined style to be different within each interaction. However, by only us-
ing a hierarchical latent variable model, it would imply that learning style across the entire
dataset would not be able to adapt to unseen interactions. Removing the entire premise of
our model. Therefore, it makes sense to include some form of meta-learning in the model.
We define a meta-dataset by dividing the dataset into tasks containing only sequences from
the same group. Just as in the social processes models [38], the meta-learner learns a pre-
dictor for a particular group by only conditioning on observed-future sequence pairs of that
particular group.

Formally speaking, we consider a meta-dataset of tasks Df.\]:"’f"‘, where each task only
contains sequences from a particular group g;. Within every task D, we consider a context
C, and target set 7'. As discussed Chapter 3, both the Neural Processes and Social Processes
models incorporate meta-learning. Therefore, we redefine the ELBO of those two models
using the hierarchical latent variable model approach. For the NP and SP model, instead of
Equation 3.8, the ELBO becomes:

log p(Y|X) = Eq(z|s;)[log p(Y X, e zina)] — KL[q(2]s7)llq(z|sc)] (4.3)

Where for ¢(z|s7) and q(z|sc), we can marginalize as follows: ¢(z|s7) = q(z¢|s7) [T~ 9(zi|z6)
and simliar as in Equation 4.2, z;,,4 is defined as the set of individual latent vectors {z;,...,2,}.
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Chapter 5

Experiments

In order to validate our hypotheses, we compare our proposed hierarchical latent variable
model to a few baseline standard latent variable models. The dataset used for this comes
from recorded social interactions, containing a set of modalities.

5.1 Data

There is a need for authentic recorded social interactions to train our model on in order to
handle unobserved social interactions at test time. To fulfill this need, we use the haggling

dataset [24].

5.1.1 Haggling Dataset

The haggling dataset was proposed by Joo et al. [24], and con-
sists of various recorded triadic interactions. Within the inter-
actions, participants partake in a social game, named the Hag-
gling game. The game simulates a haggling situation, where
two participants play the role of sellers, and one participant
plays the buyer role. The idea is that each of the two sell-
ers promotes their product, and the buyer decides what prod-
uct he/she buys between the two. Each recorded interaction
lasts one minute, and the seller who sells his/her product is
awarded $5 in order to give the participants that play the roles
some incentive [24]. The products assigned to the two sell-
ers are similar products, with only slight differences. In one
scenario for example, one seller proposes a lightweight cell-
phone with medium storage, while the other seller proposes a
medium-weight cellphone with large storage.

The dataset was recorded within the Panoptic Studio [23]; a
geodesic sphere containing 480 VGA cameras, 31 HD cam-
eras, 23 microphones, and 10 Kinect sensors. These were all
used for recording social interactions taking place within the
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sphere, thus removing the need of attached sensors or markers on any subject’s body [24].
Allowing the participants to move without any restrictions. In total, 180 haggling sequences,
spanning a total of 3 hours of interactions were recorded.

The provided features within the haggling dataset include x, y, and z coordinates of: 19
body keypoints, 42 hand keypoints (21 per hand), 70 facial keypoints, and binary speaker
annotations (1 if a person is speaking, O otherwise). The represented joints within the 19
body keypoints are shown within Figure 5.1. As our proposed model is agnostic of the
amount of input features, it is possible to use the entire set of features as provided by the
haggling dataset. However, due to hardware constraints, we opted for only the 19 body
keypoints (as shown in Figure 5.1) and speaking status as the set of behavioral cues bi of a
person p; at time ¢.

5.1.2 Pre-processing

We divide the dataset into a training and validation set, and a test set respectfully. The train-
ing and validation set is used to train and validate the model during the training phase. This
gives us an indication of whether the model has converged or not. Finally, the test set is
used to evaluate the performance after training the models. Among the total 180 sequences,
there are sequences that contain severe reconstruction errors. Therefore, we use the same
train-test split as Joo et al. [24] of 79 training sets, and 28 test sets.

Keypoints within the haggling dataset are provided at 30hz. Similar to Raman et al. [38],
for our prediction task we consider observed and future windows of a length of 2 seconds
(60 frames). The maximum offset between the observed and future windows is 5 seconds
(150 frames). As mentioned within the previous section, we only make use of the 19 body
keypoints, and speaking status as modalities. Therefore, the input dimension of our data is
58 (19 x, y, and z coordinates, and binary speaking status) per frame.

5.2 [Evaluation

We evaluate our proposed approach within two ways: quantitative and qualitative evalua-
tion. As part of the quantitative evaluation, we compare the performance and model fit using
the Log Likelihood (LL) and Root Mean Square Error (RMSE). For qualitative evaluation,
we look at both the latent space, as well as the plotted results of the models.

5.2.1 Quantitative Evaluation

To evaluate whether our proposed approach performs better than the baseline, we compare
the Log Likelihood (LL), as well as the Root Mean Square Error (RMSE) of every predicted
keypoint, and speaking status within the test set.

The LL indicates how well the model fits to the ground truth. Therefore, we compute the
probability density of a ground truth sample, given the probability distribution generated
by the model. In other words, we compute the probability of observing a ground truth

24



5.3. Model Comparisons

sample, when the data is extracted from the probability distribution that resulted from the
model. As this is done over the entire dataset (resulting in the joint likelihood), we use
the logarithm of the likelihood. This leads to a more practical output (consider the product
of small probabilities versus the sum of logarithms of small probabilities). This evaluation
metric tells us how well the model is trained, or how well the produced data distribution
captures the ground truth.

In addition to the LL, we also require a loss function to evaluate how close the predicted
body keypoints are to the ground truth. For this purpose, we make use of the RMSE of the
predicted keypoints. Within a set of n predicted sequences, we compute the RMSE of every
predicted future sequence y; and ground truth y; as follows:

n

5. v.)2
RMSE — Z(ylny’) (5.1)
i=1

For evaluating the speaking status predictions, we calculate the accuracy as follows:

1(yi = ;) (5.2)
1

1 n

Accuracy = —
n

=

5.2.2 Qualitative Evaluation

As part of the qualitative evaluation, we look at the plotted latent space outputs of our
models, and the predicted body keypoints of our model. Here, it is important to judge
whether these look in line with the ground truth, or are overall believable body movements.
However, we also take a look at the plotted latent vectors.

Latent Space

To examine whether the model has captured idiosyncrasies with respect to group and in-
dividual behavior, we need to examine the produced latent vectors by the baseline model,
as well as our approached model. For this, we use a technique for dimensionality reduc-
tion. Reducing the dimensionality of the resulting latent vectors allows us to visualize the
data and discover certain patterns within the latent space. Therefore, we make use of the
t-Distributed Stochastic Neighbor Embedding (t-SNE) [45] technique. The concept behind
t-SNE is to find a projection of the original data onto a lower dimensional space so that the
clustering in the original, high-dimensional data is preserved. This means that similar data
points are represented as close to each other as possible within the lower dimensional rep-
resentation, as opposed to other techniques that focus on plotting dissimilar points far apart
(e.g. MDS [31], PCA). Since we are interested in examining clusters formed by the hierar-
chical latent variables, using t-SNE seems the right dimensionality reduction technique.

5.3 Model Comparisons

To compare our approach, consisting of the meta-learning hierarchical latent variable model,
it is necessary to compare the proposed components of our model in isolation. Therefore, we
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Baseline Proposed Baseline & Proposed Backbones
VAE Non-meta-learning, single latent variable z - - MLP, GRU
Neural Processes  Single latent variable z Hierarchical latent variable structure Meta-learning MLP
Social Processes  Single latent variable z Hierarchical latent variable structure Meta-learning MLP, GRU

Table 5.1: The characteristics of the baseline and proposed models

compare our hierarchical meta-learning approach against a standard meta-learning approach
by training and testing the haggling dataset on two different meta-learning architectures.
First of all, the Neural Processes model, which incorporates the meta-learning concept and
estimates an uncertainty over predictions. Within this model, we implement the hierarchical
latent variable structure, and compare this to the baseline approach on the same model
using a standard latent variable z. We call this model the hierarchical neural processes
model. In addition, we also compare our hierarchical approach using the social processes
model in the same manner; including a baseline, as well as the hierarchical approach; the
hierarchical social processes model. To allow for a fair comparison, we refrain from using
the deterministic path for any of the models. This ensures that the model will not end up
relying solely on the deterministic path.

Finally, to also test whether our approach improves against a standard, non-meta-learning
model, we also run some additional baseline models. This consists of a standard VAE
architecture.

Among all of the models, we separate the comparison into two groups, namely a group
consisting of Gated Recurrent Unit Networks (GRU) [10] backbones, and a group consisting
of Multi-Layer Perceptron (MLP) backbones. The latter is a standard feedforward neural
network, where information flows in a single direction from input to output. A GRU on the
other hand, is more suited for sequential data, and uses gating mechanisms to control the
information that flows throughout the network. This gating mechanism allows the network
to capture long-term dependencies that recurrent neural networks often struggle with (due
to the vanishing/exploding gradients problem). In table 5.1, the models and their respective
characteristics are summarized.

5.3.1 Hyperparameters and Model Specifics

For running the baseline and proposed models, we mostly use hyperparameters proposed
within the work of Raman et al. [38]. For all models, we used a batch size of 128 during
training. The training was done on the Delft High Performance Computing Cluster (HPC)
on one of the following GPU’s: NVIDIA Tesla P100, NVIDIA GeForce GTX 1080/2080
TI, or an NVIDIA Tesla V100. Training each individual model took between one hour (for
the simpler VAE models), to 48 hours approximately (for the SP models).

The models are optimized using Adam [27]. This is an optimization algorithm for
gradient descent. Instead of the normal case; training a neural network with a fixed learning
rate, Adam uses an adaptive learning rate. It essentially computes individual learning rates
for the different parameters, allowing it to converge faster. In addition, it makes use of the
concept of momentum, which ensures the gradient moves in the most significant direction
by taking past gradients into account.
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Hyperparameter VAE-MLP VAE-GRU NP SP-MLP SP-GRU
Sequence Encoder/Decoder

# of layers 2 1 2 2 1

Hidden dim 180 320 180/460 64 320
Partner Pooler

Number of MLP layers - - - 2 2

MLP hidden dim - - - 64 64

Output dim - - - 64 64
Group z Encoder

# of layers 2 2 2 2 2

Hidden dim 64 64 64 64 64
Representations

e,r,s,zg dim 64 64 64 64 64
Individual z Encoders (only in proposed)

# of layers - - 2 2 2

Hidden dim - - 64 64 64

z; dim 64 64 64
Number of parameters

Baseline 2.1M 1.3 M 34M 29M 25M

Proposed

35M 3.0M 26 M

Table 5.2: Hyperparameters of all architectures
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Chapter 6

Results & Analysis

In this chapter, the results of running the haggling dataset are presented and analyzed.
Therefore, we divide the results into the types of evaluation. In addition, we define and
run a new dataset in order to prove some intuitions about the hierarchical and baseline mod-
els.

6.1 Quantitative Results

Table 6.1 shows the obtained results over the initial run over each family on both the base-
line, as well as the proposed models. Looking at the results in the table, it does become
clear that the performance of the hierarchical models do not show an improvement, when
compared to the baseline. As within the SP-GRU model, the proposed approach seems
to improve the log-likelihood, while the NP and SP-MLP models seem to achieve a lower
log-likelihood. However, th RMSE on the keypoints does not differ by a lot. Therefore, it
becomes clear that there is no consistent pattern between the proposed and baseline models.
Overall, the models do not seem to perform well with respect to the RMSE. From the results
we can also conclude that the VAE-GRU outperforms any compared model, and is therefore
the best-performing model within our experiments. A complete overview of the errors on
all keypoints is provided in Appendix A.
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Backbone Model Mean LL Mean keypoint  Speaking

RMSE Accuracy
VAE-MLP -249.37 (39.80)  79.61 (14.77) 0.63 (0.15)
NP Baseline -22.67 (90.75)  15.74 (5.35) 0.65 (0.23)
MLP Hierarchical NP -24.49 (102.78)  15.98 (5.46) 0.64 (0.24)
SP-MLP Baseline -105.58 (73.24)  25.89 (8.30) 0.64 (0.27)
Hierarchical SP-MLP -117.22 (91.11) 26.02 (9.71) 0.66 (0.24)
VAE-GRU 221.93 (29.63)  1.19 (0.46) 0.97 (0.02)
GRU SP-GRU Baseline -23.09 (166.90)  11.25 (4.28) 0.72 (0.19)

Hierarchical SP-GRU -8.93 (156.17)  11.41 (4.44) 0.71 (0.22)

Table 6.1: The mean log likelihood (1), mean RMSE (in cm) over all 19 body keypoints,
and speaking accuracy along with their respective standard deviations on the test set. For
the LL and speaking accuracy; higher is better, while for the RMSE; lower is better

6.2 Qualitative Results

Qualitative evaluation of the data seems to match the findings by Raman et al. [38], namely
that the meta-learning models seem to produce a neutral pose that seems to minimize the
overall loss with respect to every conversation. Within Figure 6.1, the ground truth future
sequence, together with the prediction produced by the hierarchical NP, and the VAE-GRU
model are shown. The NP proposed results represent the results of every model within our
comparison, where there seems to be a neutral pose throughout the entire sequence. The
VAE-GRU model, however, seems to have learned something and produces a future se-
quence that resembles and is close to the ground truth. Clearly proving the better RMSE
and LL results.
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Figure 6.1: Qualitative results on haggling dataset. A random future sequence of 60
timesteps was predicted by both the VAE-GRU model, as well as the NP Style model,
and compared to the ground truth. To show different frames from the predicted sequences,

we took 5 frames throughout the entire future sequence.
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6.3. Toy Dataset

6.2.1 Latent Space

Taking a closer look at the produced latent space by the proposed models, there does not
seem to be a clear pattern within the data. Figure 6.2 shows a t-sne plot of the latent vari-
ables produced by the hierarchical NP model. However, all meta-learning models show a
similar pattern. As t-SNE is used, the distance between points do not encompass any mean-
ing, and after taking a closer look at the produced latent vectors it seems the models did not
learn a representation of the data. Instead, they produce a consistent latent representation
that is independent of the given target or context set. This problem could be either a train-
ing artefact, or attributed to the variance in the data being small. Meaning that all 2-second
sequences throughout the dataset might be very similar. As we observed this phenomenon
in all meta-learning models, we opted to create a small toy dataset that is generated using
a conditional latent structure as well. Running this dataset using our proposed hierarchical
latent variable model, could prove whether a hierarchical latent variable model in combina-
tion with the meta-learning concept is able to infer a hierarchical latent structure within the
data.
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Figure 6.2: T-SNE plot of the group latent vectors using the hierarchical NP model

6.3 Toy Dataset

To prove our intuition behind the proposed hierarchical models being able to learn a hier-
archical latent structure, we created a toy dataset. This toy dataset is supposed to test both
hierarchical and baseline models on their ability to learn latent representations from data.

6.3.1 Data generation

This dataset consists of a series of sine functions. Within figure 6.3, the sampling proce-
dure for these sine functions for a single group (Gaussian) is shown. For generating these
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sine functions, we define two Gaussian within 1D space, for which we sample 100 values
for each Gaussian as value for the frequency over 700 timesteps. As a condition on which
Gaussian we sample from, we define two 1D Gaussians to sample the amplitude for two
sine functions. This creates a hierarchical structure for sampling a group of two sine wave
sequences. In total, we generated 200 sine wave sequences (100 from each frequency gaus-
sian), consisting of 700 timesteps. For which the model predicts a future sequence of 100
timesteps, given an observed sequence of 100 timesteps. Shortly summarized, the hierar-
chical latent structure for generating these sine functions consists of a Gaussian defining the
frequency, and a Gaussian defining the amplitude for each individual sequence. Finally, in
order to check whether the model performs well, we also generate a dataset using only the
first layer of the hierarchy. Resulting in groups of two sinewaves with different frequencies,
but equal amplitude values. This represents a non-hierarchical data generation process, and
the baseline models should be capable of learning a useful latent representation for this.
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Figure 6.3: Data generation process of the toy dataset. The group latent variable z; repre-
sents the frequency, as sampled from one of the two groups. Groups are distinguished by
the color of their distribution. In this case, a group latent vector is sampled from the first
Gaussian. For which we sample two individual latent variables zo and z; representing the
amplitude for each respective sine wave, from Gaussians of the corresponding blue group.
Resulting in two sinewaves with amplitudes +-100 and +-10, and a frequency of 6. The
second-level latent variables can only be sampled from the corresponding groups (blue or
orange), enforcing the data generation to contain a hierarchical latent structure

6.3.2 Posterior Collapse

Running the non-hierarchical and hierarchical dataset on all models produces the same re-
sult; a consistent latent representation. This suggests that the problem is indeed a training
artefact, and not caused by characteristics of the dataset. More formally when looking at the
ELBO defined for the meta-learning models in Equation 4.3, the approximate probability
q(z|sc) is consistent across different context sets and the KL divergence between ¢(z|sc)
and ¢g(z|s7) converges to 0. This is presumably the reason why the latent vectors do not
encompass any meaning. As this KL term is already optimized. Therefore, the model only
trains the left side of the term, which is the log likelihood between the modeled distribution,
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and the ground truth. This problem of latent vectors becoming independent of the input is
related to a similar issue often encountered in VAE’s, which is known as posterior collapse.
Within a VAE, the ELBO is formulated as in Equation 3.6. The difference between our
meta-learning models is that the KL divergence is computed between the posterior g(z|X)
and the prior p(z), where the prior is often parameterized by a standard normal distribution,
with 0 mean, and 1 variance. Posterior collapse occurs when the approximate posterior col-
lapses into, or equals to, the prior. The result of this is that the first term of the ELBO is
solely optimized since the KL term is equal or very close to zero. Therefore, the premise
of the model of generating a meaningful latent vector is neglected, and instead, it learns to
generate generic outputs that are crude representations of all seen input data.

6.3.3 Meta-learning Formulation

Within the case of both NP and SP meta-learning models, the ELBO is formulated differ-
ently as specified in Equation 4.3, and instead of the posterior ¢(z|X) collapsing to the prior
p(z), the approximation ¢(z|s7) collapses to the approximation ¢(z|s¢). After examining
the KL term throughout training, it seems indeed the case is that the KL divergence between
the two terms converges to 0, or close to zero. The overall outcome of the problem also re-
sults in a neglected latent vector. Which could potentially explain why all meta-learning
models predict a static pose for the entire future sequence. Within the VAE literature, this
problem is examined in multiple works. One of the approaches to mitigate posterior col-
lapse, is by KL annealing or initializing a fixed weight to the KL term [39, 6]. The idea of
KL annealing is to start with a low value, or zero as weight of the KL term within the ELBO,
and slowly increment the weight during training. Even though this is used in VAE’s, where
the formulation of the ELBO is different, we believe it could also hold within the meta-
learning model as we do not restrict the approximate distributions ¢(z|s7) and g(z|sc) to be
close to each other. One experiment was run using a constant weight term, however, this
did not provide any change with respect to the latent representations. Therefore, a more
sophisticated approach is needed.
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Chapter 7

Discussion

The problem of generating a consistent latent representation leaves us unable to answer any
of the research questions and hypotheses, making every compared model similar. Therefore,
we consider this as a limitation of the work. Below, more limitations are described in
the case of a working model. These limitations could also hinder the proposed approach
from optimally learning style, both reasoned from a technical perspective, as well as more
socially grounded limitations are discussed. Lastly, we describe a few ethical considerations
surrounding our work.

7.1 Preventing Posterior Collapse

Due to limited time, solely a naive version of KL weighting was tested. Where the weight
was initialized with a constant number. This intervention proved to be unsuccessful, there-
fore calling for a more sophisticated approach. Within the work of Sgnderby et al. [42], the
KL annealing technique proves to work on a hierarchical latent variable model. However,
as established within the previous chapter, the KL term differs with respect to the ELBO
formulation when compared to the meta-learning definition. Within the neural processes
family, the phenomenon seems relatively unexplored. There has been one variation of the
original neural processes; sequential neural processes [41], where they describe the problem
of transition-collapse. However, this problem is unique to the sequential neural processes
model, and therefore not of any value to our case. Shortly summarized; more work is needed
for preventing the posterior collapse problem in neural processes-based models. Techniques
for coping with this issue have been described in earlier work on VAE’s, and could be ap-
plicable to our model.

7.2 Dataset

First of all, we can argue about the ecological validity of the experiment by using the hag-
gling dataset. Within the interactions in the haggling dataset, individuals are assigned either
a buyer, or seller role. To which degree this influences the behavior of participants is un-
clear. However, considering our notion of style, which is also dependent on social context,
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we can argue that a part of the social context is already provided by playing the haggling
game. Namely, the roles of the participants, part of the verbal content (which product to
sell, and typical vocabulary within haggling contexts), and the situation of the conversation.
This might be a limitation as to how generalizable our system would be for unseen interac-
tions within different contexts, as well as form a problem in differentiating between specific
group styles within the dataset. Leaving us with a rather homogeneous dataset. In short,
these assigned roles and context might make it more difficult to differentiate between group
styles, and using a different dataset with a variety of contexts might lead to different results.

7.3 Capturing Idiosyncrasies

Another limitation within the model, which is more theoretically grounded, is our proposed
modeling of style. Using our meta-learning approach, an individual’s idiosyncrasies may
only be captured through conversations within the same group. Therefore, the proposed
model does not take into account that idiosyncrasies might be transferable over conversa-
tions containing the same individual. As discussed within the background chapter, gestures
are dependent on social context and verbal content, while also being dependent on person-
ality, and age. This hints that style is a mix of static factors (age, personality), as well
as more dynamic factors (social context, verbal content) that differ between conversations.
Our proposed model currently only reasons on the basis of conversation-specific factors,
which might be a limitation since it provides a naive definition of style.

In addition, the premise of our approach is to divide style into group, and individual-level
idiosyncrasies. However, there would be a range of possibilities to divide style into a se-
mantic hierarchy. One of the possibilities is to model this hierarchy differently, or even have
the formation of the hierarchy structure take place as part of the training.

7.4 Ethical Considerations

Even though the dataset used within this study contained personal data. The haggling
dataset was collected and released with the permission of all individual participants. How-
ever, putting such a social cue forecasting system in practice might lead to some ethical con-
cerns. First of all, for such a system to be accurate with respect to future behavioral cues,
multiple modalities have to be added, which may or may not be able to be anonymized. Of
which facial expressions and body movement sometimes might be able to identify individu-
als. Therefore, it is of the essence that users should be aware of the presence of a forecasting
system. Also, as the system makes use of privacy-sensitive data (video footage of interac-
tions), potential vulnerabilities could be exploited, where users with malicious intent can
access potentially vulnerable information.

In addition, these forecasting techniques can be used for social good. Where assistive, or
collaborative robots are able to help people within various fields. One important point here
is that this might be implemented in social robots that function in rather vulnerable situa-
tions. Examples of this are social robots for elders with dementia, or any social robot that
interacts with children. This means the system could have a large effect on the behavior
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of users. An example of this is a social robot using persuasion techniques via verbal, and
non-verbal communication in order to convince a child of buying a product. Therefore, the
implementation of such systems requires a responsible approach. In contrast, the system
could also be implemented in situations that might be undesired, such as surveillance sys-
tems.
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Chapter 8

Conclusion

Within this work, we delved into the theory of hierarchical latent variable models and meta-
learning in order to learn group and individual-level style, unique to each conversation.
Incorporating this notion of style in a non-verbal human behavior forecasting model might
help us forecast behavior that is more in line with the specific conversation and individu-
als. Including this style variable has not been done in previous work on non-verbal human
behavior forecasting. After formulating a model and running experiments on a real-world
dataset, the model proved to be unsuccessful. However, as the latent representation through-
out every model within the experiment (except the VAE baselines) turned out to be indepen-
dent of the input, we formulated a toy dataset to test our intuition. This toy dataset proved
the problem to be a training artefact. Therefore, more research is needed on how to avoid
posterior collapse in neural processes models, before answering our research questions on
the effectiveness and ability to learn individual and group level style of our proposed model.

8.1 Future Work

As our proposed model has not been able to prove the effectiveness of a hierarchical latent
variable model for learning style, we can address certain shortcomings or experiments that
lead to potential future research questions or insights.

8.1.1 Incorporating Latent Structures within Meta-learning Models

Within this study, we assumed the intuition of a meta-learning model, or more specifically,
the family of neural processes models, to be able to learn a hierarchy with respect to the gen-
erated data. However, this intuition proved to be false. Therefore, an extensive study could
be done on the theory of hierarchical latent variable models, and how this could be incorpo-
rated into a meta-learning model before using such a model on a specific task. Obstacles in
training these models could be explored, as well as variations on the architectures.
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8.1.2 Latent Structure Design

One limitation of this study was the use of a single proposed latent variable structure. How-
ever, there has been work done that shows deep hierarchical latent variable models to be
successful on certain tasks. For this reason, experiments with different latent structures
could be useful to examine characteristics for a successful forecasting model. In addition,
the proposed model only supports a group size until the nth individual latent vector, with
n being the number of individuals within a conversation. However, support for arbitrary
group sizes might benefit the model by making it trainable and run across datasets.

8.1.3 Variety of Datasets

As mentioned in the discussion, the proposed model was only run for the haggling dataset,
which is one of the limitations of our work. Running a proposed model on multiple datasets
could provide us with a more complete view of this group-level style. As the haggling
dataset is only composed of groups playing the same haggling game, it could be considered
as a rather homogeneous dataset. Comparing results on different datasets, and training a
model on a variety of datasets might make a proposed model more robust. In addition,
testing the proposed model on multiple datasets improves the generalizability of a possible
conclusion.
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Appendix A

Complete Experiment Results

Neck Nose Body center Left shoulder Left elbow
Backbone Model Mean LL ) ) @) 3) @
VAE-MLP -249.37 (39.80) 85.79 (15.11) 76.94 (16.58) 83.32(14.80) 87.59 (15.43) 88.43 (16.17)
NP Baseline -22.67 (90.75) 1547 (5.35)  15.12(5.46) 1438 (5.03)  16.34 (5.42) 18.63 (5.82)
MLP NP Proposed -24.49 (102.78) 15.87(5.38)  15.55(5.67)  14.67 (5.09)  16.54 (5.47) 18.70 (6.15)

SP-MLP Baseline  -105.58 (73.24) 26.13 (8.32) 2549 (9.12) 2531 (8.07) 26.44(7.99)  28.37(9.18)
SP-MLP Proposed -117.22 (91.11) 26.13 (9.48)  25.74 (10.98) 25.24(9.65) 26.55(9.44)  28.95 (10.66)

VAE-RNN 22193 (29.63) 0.95(0.34)  090(0.39)  0.90(0.35)  1.35(0.42) 1.37 (0.55)
RNN SP-RNN Baseline  -23.09 (166.90) 10.21 (4.36)  10.55 (4.63)  9.62(4.17)  10.67(4.37)  13.41 (4.67)
SP-RNN Proposed -8.93 (156.17)  9.99 (4.41)  10.56 (4.55) 9.53(435)  11.87(4.49)  14.65 (4.72)

Table A.1: LL and RMSE results (in cm) over the first 5 keypoints
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Model Left wrist Left hip Left knee Left ankle Right shoulder
5) (6) (7 ) )
VAE-MLP 82.07 (17.58) 84.01 (14.99) 84.88 (15.11) 87.04 (14.88) 86.26 (14.79)
NP Baseline 23.32(7.28) 14.65(4.91) 15.18(4.87) 15.75(5.36) 16.40(5.82)
NP Proposed 23.29(7.33) 14.82(5.01) 15.35(5.12) 1596 (5.69) 16.80 (5.71)
SP-MLP Baseline  32.02 (10.09) 25.22(7.84) 25.52(7.87) 25.87(7.82) 27.99 (8.86)
SP-MLP Proposed 32.6 (11.67)  25.28(9.44) 25.73(9.59) 26.27(9.51) 28(9.91)
VAE-RNN 1.59 (1.02) 1.25 (0.43) 1.37 (0.48) 1.03 (0.39) 1.37 (0.41)
SP-RNN Baseline  19.04 (6.11)  9.74 (4.17) 10.61 (3.76)  11.40 (3.75) 11.17 (4.39)
SP-RNN Proposed 19.04 (6.25)  10.15(4.28) 11.18 (4.26)  12.69 (4.62)  10.86 (4.60)
Table A.2: RMSE results (in cm) over 5 keypoints
Right elbow  Right wrist ~ Right hip Right knee Right ankle
Backbone Model 10) an) 12) 13) 14)
VAE-MLP 86.48 (15.13) 80.55 (16.85) 83.59 (14.63) 84.11 (14.84) 86.88 (14.62)
NP Baseline 18.25(6.42)  23.17 (6.93) 14.81 (5.30) 15.25 (5.32) 15.96 (5.64)
MLP NP Proposed 18.42(6.34) 2278 (7.11)  15.12(527)  15.50(5.52)  16.34 (5.61)
SP-MLP Baseline 3034 (9.45)  33.05(10.1)  26.19(8.43)  26.99 (8.64)  28.58 (8.77)
SP-MLP Proposed  30.45 (10.85) 32.95 (11.67) 26.12(9.9) 27.02(9.91)  28.33 (10.04)
VAE-RNN 1.31(049)  1.52(0.68)  129(0.41)  1.34(0.45)  1.03(0.43)
RNN SP-RNN Baseline  13.58 (4.61)  19.40 (5.74)  9.98 (4.16)  11.04 (4.14)  11.96 (4.14)
SP-RNN Proposed  13.01 (4.85)  19.75(5.60) 9.64 (436)  10.73 (4.29)  11.36 (4.62)
Table A.3: RMSE results (in cm) over 5 keypoints
Right eye Left eye Right ear Left ear Speaking
Backbone - Model (15) (16) 17 18) Accuracy
VAE-MLP 78.40 (16.44) 83.82(15.62) 78.20(16.32) 83.20(15.44) 0.63 (0.15)
NP Baseline 15.16 (5.43)  15.54(5.48) 1520 (5.47) 15.62(5.52)  0.65(0.23)
MLP NP Proposed 15.60 (5.67) 1592 (5.62) 15.69 (5.62) 16.11 (5.53)  0.64 (0.24)
SP-MLP Baseline  25.44 (8.97)  25.89(8.36)  25.77 (9.07)  26.53(8.78)  0.64 (0.27)
SP-MLP Proposed 25.72 (10.72) 26.06 (9.73)  25.98 (10.82) 26.65 (10.03) 0.66 (0.24)
VAE-RNN 0.91 (0.39) 1.20 (0.64) 0.88 (0.39) 1.22 (0.48) 0.97 (0.02)
RNN SP-RNN Baseline 1039 (4.57) 1034 (4.59)  10.58 (4.55) 10.58 (4.43)  0.72 (0.19)
SP-RNN Proposed 10.64 (4.52) 11.06 (4.62) 10.30(4.59) 10.38(4.59) 0.71 (0.22)

Table A.4: RMSE results (in cm) over 4 keypoints, together with the speaking status accu-

racy
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