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ABSTRACT

DETECTION OF FREE-STANDING CONVERSATIONAL
GROUPS WITH GRAPH CONVOLUTIONAL NETWORKS

Automatically detecting conversational groups from video footage is a very in-
triguing and practical research area with applications in video activity recognition and
human-robot interaction. Therefore, there is a critical need for improved detection of
groups to enhance the relationship between humans and robots. In this thesis, we use
Graph Convolutional Networks for the group detection problem as the main novel con-
tribution. We base our approach on a method from the community detection domain
called Deep Modularity Networks. Our approach improves the group detection quality
over state-of-the-art group detection methods. Additionally, we develop a graph con-
struction algorithm using the view frustums, which indicates the individuals’ affinities.
As a post-processing step, we utilize temporal information in our system and improve

our detection results further.



OZET

ETKILESIMLI GRUPLARIN CIZGE EVRISIMLI SINIR
AGLARI ILE TESPITI

Video goriintiilerinden otomatik olarak etkilesimli gruplari tanima, videolar-
dan aktivite algilama ve insan-robot iligkilerini geligtirmek i¢in oldukc¢a kullanigh bir
aragtirma konusu olmustur. Bu sebeple, etkilesimli gruplarin algilanma dogrulugunu
iyilestirmek, insan robot iligkilerini kuvvetlendirmek icin dogan ciddi bir ihtiyacgtir. Bu
tezde, Cizge Evrigimli Sinir Aglar1 kullanarak etkilesimli grup tespit problemine 6zgiin
bir katk:r yapilmigtir. Topluluk tanima alaninda kullanilan Deep Modularity Networks
(DMoN) adinda bir yoéntem baz alinarak yeni bir grup tanima sistemi geligtirilmigtir.
Bu zamana kadar olan teknoloji grup tanima metotlarinda en ileri teknoloji yontemlerin
tanima kalitesi yiikseltilmigtir. Buna ek olarak, insanlarin yakinlhigini goriig konileri kul-
lanarak gosteren bir ¢izge inga algoritmasi geligtirilmigtir. Problemin zaman boyutunu
da hesaba katan bir art igleme adimi sisteme entegre edilerek tanima sonuglari daha

ileriye tagimmuigtar.
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1. INTRODUCTION

Automatic detection of groups is a crucial problem to solve as it ultimately un-
locks numerous possibilities for human-robot interactions. In social robotics, informa-
tion about an individual’s social life their relationships with others employing subtle
social clues are significant. Understanding human relationships allow robots to act
differently depending on the situation and connections. However, most research in
this area up to this day is dominated by traditional handcrafted methods instead of
applying deep-learning approaches [2-7]. In recent years, few practices have emerged
that use neural networks to compete with conventional systems [8,9]. In this thesis,
we explore the capabilities of deep learning-based networks in a more constrained en-
vironment in the absence of enough annotated datasets [10,11]. We also contribute a
new annotated dataset to the domain, in which we provide more extensive annotations

than the rest of the datasets in the group detection corpus.

Most people would consider individuals who are connected in terms of relation-
ship or social status; a group [12]. Types of groups can vary considering quantitative
information such as size, persistence, structure, and depending on qualitative details,
including the severity of relationships, sense of belonging, formality of the event. In
our research, we will be focusing on face-to-face conversational groups, free-standing
conversational groups (FCGs), or small gatherings of individuals immersed in focused
encounters. FCGs are best at displaying the essential features of dynamic engagements,

making them an important research topic.

What makes FCGs an important research area is that they depict actual social
situations. They typically range from pizza or cocktail parties to more serious scenes
such as a meeting or a poster session. Distinguishing the group members and some-
times primary speakers can give us valuable information about the dynamics of the
relationships between individuals. Therefore, analyzing and automatically detecting

FCGs has become a primary focus of computer vision literature [2,8,9,13-16].



In the context of video surveillance, a ‘group’ is defined as two or more persons
moving at a comparable speed who are physically and temporally adjacent to one
another [17]. The main reason for the simplified description of a group in this concept
is the difficulty of deducing continuous social arrangements from brief video segments.
Most vision-based systems implement tracking in this situation, which entails catching
individuals in motion and keeping their identification across video frames while also
determining how they are divided into groups [17-21]. The videos are usually taken
at public pedestrian areas from elevated viewpoints in the video surveillance domain.
Therefore, the encounters in these videos mostly consist of unfocused interactions.
Since the videos are taken at a high elevation and from afar, deducing the body pose

and orientation of the people is another significant challenge [7].

In another domain where there are focused gatherings, i.e., meeting analysis,
people spend time in a fixed place, interacting primarily by speaking or using body
language. In a case like this, human actions can be analyzed thoroughly utilizing
various audiovisual elements collected by ubiquitous sensors such as portable devices,

microphone arrays, or sociometric badges [10,22,23].

In sociology, the terms focused and unfocused encounters come from the famous
sociologist Erving Goffman [24]. Goffman describes unfocused interactions as the type
of gatherings when two or more people come together without any mutually arranged
plan. These interactions include scenarios such as waiting at a bus station, forming a
queue at the traffic lights, or waiting at a meeting room. The individuals contributing to
an unfocused interaction are aware of each other; however, there is no direct engagement
in between. As for the focused interactions, people come together for an objective or a
situation to communicate face-to-face. These exchanges endure for a long period on a
single focus of cognitive and visual attention, such as a meeting, a board game night,

or a multi-focused gathering.

Focused interactions can also take the form of free-standing conversational groups

(FCGs) [25]. FCGs appear when people instinctively choose to be in each other’s



vicinity to interact with one another. Therefore, FCGs happen in numerous and various
social events such as a museum visit, a pizza or a cocktail party, a coffee break, or a
poster session at the end of a lecture. These reasons identify why FCGs are key social
elements, and their automated analysis and detection might lead to a new level of

activity and behavioral research.

During a focused event, where people form various FCGs, they express themselves
with speech and non-verbal movements, such as body gestures. These expressions
are also called social signals [26], in which spatial features are more important than
having verbal-only communication. However, having extremely rare data in this subject
makes building a nonverbal communication model using social signals challenging. We
search for the data that contains individuals’ positions and orientations, body gestures,
gaze, and facial expressions. To make things easier, we select the most important
social interaction identifiers which describe an FCG. These are spatial positions and
head/body orientations of people, which are necessary enough to find the F-Formation

of a person.

In 1990, Adam Kendon, a researcher in the sociological discipline of nonver-
bal communication, established the term ‘Facing Formation,” mostly known as F-
Formation [25,27,28]. The individuals forming an F-Formation tend to maintain a
circular space (o-space), where everyone in the formation has direct, equal, and easy
access. Typical formations are circular, ellipse, horseshoe-shaped, side-by-side, or L-
shape. These formations allow individuals to form a direct link and remove the distrac-
tions coming from outside the gathering. Automatic extraction of spatial position and
orientational information is possible with deep-learning methods such as OpenPose [29],

and they open the way for extracting the F-formation and, as a result, finding FCGs.

The impact of robust FCG detection is crucial in many contexts. For example,
there is a need for automatic group analysis in video surveillance to recognize abnormal
behaviors such as vandalism and violence and prevent them [30]. Also, understanding

the social relationships between observed individuals in a setting can be valuable for



advanced suspect profiling. In human-robot interaction, detecting FCGs allows robots
to utilize the affinities between people and accordingly in social situations. The ap-
proaches in the social robotics field have a limited number of people in their datasets
when evaluating their quality of detecting FCGs [31-34]. Tt could be improved if the
new approaches are responsive in more complex scenarios. Another application for the
powerful identification of FCGs is the mobile visual search domain. An FCG detector
can identify groups more effectively when coupled with 3D pose estimation systems,
which opens up the ways to extract social traits of people and social network recom-

mendation systems.

Previous methods that deal with the automatic detection of FCGs span many
years. The first example of it is the proposition by Bazzani et al. [20] using positional
and orientational features where they find Steady Conversational Groups (SCG). Be-
tween the traditional methods that use handcrafted features, the state-of-the-art algo-
rithm is designed by Setti et al. [2] called Graph Cuts for F-Formations (GCFF). Vas-
con et al. [4] suggested a game-theoretic probabilistic approach (GTCG) that performs
better on small datasets with low people density. More recently, deep-learning-based
approaches started to arise in which Swofford et al. [8] utilized a Deep Neural Network
to find out the affinities between individuals. They named their novel architecture

Deep Affinity Networks (DANTE).

Our proposed method is based on Graph Convolutional Networks (GCNs), the
backbone of another method submitted by Tsitsulin et al. to the Community Detection
domain called Deep Modularity Networks (DMoN) [35]. Their main objective is to
detect communities formed inside a single dense graph via clustering, where the graph’s
edges indicate the possible links between nodes. We modify this architecture and
achieve clustering of multiple graphs by altering the training procedure. We introduce a
novel approach that employs Graph Convolutional Networks and leverages the temporal

information, a first in the social group detection field.



As a second contribution, we present a conversational graph construction algo-
rithm that approximates the affinities between individuals in a group. We employ
the techniques researched in the sociological domain, such as the importance of body
orientation, using view frustums and combine these techniques with fundamentals of
GCNs. We analyze the effect of various elements when building the social graph; the
effect of initialization of node features, edge weights, and removal of edges with low

weights.

Our other contribution is to create a new dataset valuable in future social graph
detection research. Using the footage recorded by Carnegie Mellon University [36] in
a dome-like structure with multiple viewpoints, we manually annotate the FCGs in a
video taken from a pizza party. Our annotations are denser temporal than any other

social event datasets, which we use to leverage the temporal information.

Finally, we re-evaluate previous state-of-the-art methods in the FCG detection
problem, using a new training/test split of the datasets. Since deep-learning-based
approaches are data-driven, they require a different way of evaluation than traditional
methods. We implement K-fold splitting for all the datasets to test for each data
point. We apply GRODE [37] metrics that provide more insight into group detection

by allowing lenient and strict cases of predictions.

The remainder of this thesis is organized as follows: in Section 2 we explain the
terminology presented in social sciences and survey previous methods that were used
in social group modeling. In Section 3 we define our proposed method where we first
describe our social graph construction and then clarify the mechanism of DMoN. In
Section 4 we provide our results with re-evaluations of all previous methods based on
our way of splicing the datasets. Finally, we conclude with how we think our model

for detecting FCGs could be improved in the future.



2. RELATED WORK

As discussed in the introduction, social groups are made up of two or more people
who are in immediate mutual presence at any given time with a prior relationship.
From the cognitive science perspective, people tend to develop, dissolve, and redevelop
groups in different social environments when they are at a social gathering. These
social environments vary from a cocktail party, a night at a club, a day at the office,

an evening at a theatre, to a simple walk together around the block or a picnic [38].

Since the context of a social group can vary heavily, the research on this sub-
ject is distributed among many fields. The research on group modeling in computer
science is shared between cognitive sciences and the sociological field. When placing
our approach within these many-sided cases, we need to analyze the difference between
related sociological notions. Goffmanian notions are a great starting point for differ-
entiating between concepts like ‘Group’ and ‘Gathering,” ‘social occasion’ and ‘social

situation,” and ‘unfocused’ and ‘focused’ interactions [24,39].

Starting with Unfocused Interactions, these interactions happen when two or
more people come together without any shared objective. Usually, situations like form-
ing a queue while waiting for traffic lights, waiting rooms for meetings, or waiting at
a bus station are included in these kinds of interactions [24]. In these scenarios, an
interaction between individuals occurs due to both parties’ joint presence regardless of
their intentions. The individuals contributing to an unfocused interaction are aware
of each other; however, there is no direct engagement in between. Interactions like
these are not unusual, and most of the time, they do not involve speech. Goffman
classifies them as a form of interaction to reveal the importance of non-verbal forms of

communication.

Another way of interaction is called focused interactions, where people come

together for an activity or a situation to communicate face-to-face. Most of the time,



the agreement of individuals is rarely verbalized, and these types of interactions last
for a time on a single focus of cognitive and visual attention. Adam Kendon further
divides Goffman’s focused interactions into two main categories: common focused and
joint focused [39]. Examples of common focused interactions can be an army platoon
on the parade ground or watching a movie at a theatre. There is only weak or no
communication between pairs of individuals in common focused interactions due to
having a common focused objective. However, there is a sense of a mutual, instead of
a common activity, for the jointly focused interactions, where people are more likely
to have face-to-face communication. Participation, in this case, is more engaging,
and people are mutually involved in conversations with collaborators. For instance,
this type of interaction could be a meeting, a board game night, or a multi-focused

gathering such as a cocktail party [38].

Focused encounters can also take the form of free-standing conversational groups
(FCGs) [25]. FCGs can occur at a party, a social supper, a coffee break, a museum visit,
a day at the beach, a stroll through the city plaza, or a visit to the mall; more broadly,
when people spontaneously decide to be in each other’s close vicinity to connect. FCGs
are key social entities for these reasons, and automated study could lead to a new level

of activity and behavior analysis.

Adam Kendon came up with the term Facing Formations [25], mostly known as
F-Formations, to explain the most important proxemic notions of an FCG. People’s
spatial position and orientation are mainly required to find the F-Formations. Since
individuals in an FCG communicate with other participants, the feature set required to
find an F-formation can be extended with other social signals, such as: talking, body
language, and other non-verbal social cues. Kendon describes an F-formation as a
convex space (o-space) formed around the participants, which people have established
and sustained. All participants have equal, straightforward, and immediate entry to the
formation in this interaction. Therefore, most of the shapes formed by individuals that
count as an F-formation allow these criteria: a side-by-side arrangement, an L-shaped

arrangement, a circle, an ellipse, or similar to a horseshoe arrangement. These examples



provide clear and easy access to the formation for participants. In our approach, we
are most interested in finding the F-formations in multiple jointly focused interactions

that reside within FCGs.
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Figure 2.1. Left: O,P and R-space layers, showing the structure of an F-formation.
Right: Examples of various F-formation arrangements. A. L-shaped, B. vis-a-vis, C.

side-by-side, D. circular.

The research on detecting the conversational groups from focused gatherings in
computer science first started with the advanced human-computer interaction and
robots. It proliferated with the need for computer-supported cooperative work and
socially aware robotics [31,40-42]. The co-presence, mobility, multimodal communica-
tion, and embodied interaction of a service robot operating in the presence of a human
user may lead to activities specified by the human’s and the robot’s behavior. In order
to fill this need, a more advanced characteristic study is required, particularly body
posture inference other than positional cues extraction. These are challenging tasks
for traditional computer vision scenarios, where people are captured at low resolution,

under various lighting conditions, and are frequently partially or entirely occluded.

The F-formation analysis incorporates context-aware computing in human com-
puter interaction by taking into account spatial relationships among people, where
space considerations become vital in creating applications for devices reacting to a sit-
uational change [31,40]. Ballendat et al. [41], in particular, looked at how proxemic
contact is expressive when it comes to indicators like location, identity, movement, and
orientation. They discovered that by understanding and utilizing individuals’ focused

attention to other people, these cues could mediate the simultaneous interaction of sev-



eral people as an F-formation. The hardware design has been a barrier for academics

thus far with these applications, and the social dynamics are often not studied.

Figure 2.2. Example F-formation arrangements from CMU Pizza Party dataset. Left

shows a vis-a-vis arrangement. Right shows a circular arrangement.

When dealing with context-aware computing, one should consider the spatial
affinities between people in order to do an F-formation analysis [31]. These spatial
factors become crucial when building applications for reacting to a scene change in
human-computer interaction. For example, finite cues like a person’s position, orienta-
tion, identity, and movement help indicate affinity and proxemic interaction. Ballendat
et al. [41] studied how these factors take a role in a simultaneous interaction between
multiple people to form an F-formation. They interpreted people’s directed attention
to other people as a measure to find the proxemic relations. However, the hardware
design has been a challenge with the application of such models, whereas social dynam-
ics are not explored. Albeit, Jungman et al. [42] researched the social counterpart and
studied the relationship between different kinds of interactions with the F-formations
formed from them. Some examples of these kinds of F-formations are L-shaped or
face-to-face, where there is a cooperative objective in the interaction, whereas there is

a competitive objective in the latter.
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In another field of research, computer-supported cooperative work is studied, a
comparison between face-to-face formation and sitting screen-facing formation is made
to explore how the formations affected cooperative interactions on children. Suzuki
and Kato [43] analyzed the difference between these two formations and how they
changed the children’s behavior when working on a collaborative goal. In another
study by Morrison et al. [44], the difference between various F-formations formed during
hospital ward rounds and how it affected the adoption of electronic patient records is
examined. Another paper written by Marshall et al. [45] inspected the F-formations in
a tourist information center and explained how different F-Formations encouraged or
discouraged certain interactions. They showed how the physical facilities in the space
accounted for the behavior of the individuals. Although none of these studies applied
automatic F-formation detection in their works, they are a great example for indicating

that spatial features are crucially necessary when analyzing F-formations.

Moreover, social robots also play a big role in human-robot interactions. Robot-
inho [46] is a human-like robot used as a tour guide and undertakes the role of a human
tour guide. It guides people to form a semi-circular F-formation when viewing the ex-
hibits in a museum, attends visitors, and explains the exhibits to them. Robothino
does all of this by detecting people’s bodies, legs, and faces using a built-in laser. Al-
though it is unclear how F-formations are recognized in this work, Yousuf et al. [33]
improve Robotinho by detecting an F-formation before explaining the exhibit. An al-
gorithm detects the F-formations; however, it is very limited, only checking for a single

formation side-by-side arrangement.

One of the widely popular previous works from Bazzani et al. [13] analyzed the
F-formations by using the view frustum intersections of the people forming it. These
view frustums are automatically inferred from the head orientation of each person using
a head direction estimator. Since the head pose may become a challenging estimation,
in cases where a person’s head is very small in the image, they apply a rough estimator
that estimates only four possible directions then extend it with a multi-class classifier

for pedestrian detection. After that fine-grained estimation, they apply a polyhedron
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view frustum to every person in 3D space. In their terms, this estimation is called
Subjective View Frustum. From a sociological perspective, although it is possible to
use an approximation of a person’s head orientation as visual and cognitive attention,
the more conventional way of detecting an F-formation is to add the body orientation

and foot positions to the algorithm.

Furthermore, another practice that takes advantage of the view frustums came
from Vascon et al. [4] where they also introduced a game-theoretic approach to the
group detection problem. Authors propose a game-theoretic framework that models
the uncertainty with the position and orientation of the people while considering the
geometrical configurations of how F-formations formed naturally. They achieve this
framework by the following steps. First, for every person in the frame, a view-frustum
is fitted on their heads based on their position and head orientation. They provide an
improved view frustum calculated by the combination of two probability distributions,
a Gaussian and a Beta distribution. This modification results in higher performances
and a speedup of the view frustum calculation algorithm. Given these improved view-
frustums, they calculate a pairwise affinity matrix for each pair of people using the
frustum overlap amount. From this affinity matrix and also integrating the temporal
information to the calculations by smoothing the derived pair affinities across multiple
frames, they compute a weight vector based on the theory of multiple payoff functions.
This weight vector acts as a trade-off between the significance of the frames. Finally,
by using evolutionary stable strategy clusters, they achieve the final F-formations for

the given frame.

In another research proposed by Hung and Krése [3], the F-formations are consid-
ered as a dominant-set cluster of the graph constructed from positions of the people in a
scene. If we consider the newly created graph with edge weights as the affinity between
participants, then a dominant set solves the maximal clique problem that provides a
clustering of groups. The affinity between all nodes within the dominant set must be
higher than those external to it. The maximal clique problem is also investigated by

Pavan and Pelillo [47], where they applied a game-theoretic approach to cluster the
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edge-weighted graph.

Among the graph-based solutions, Setti et al. [2] provide a method that uses effi-
cient graph-cut to find the F-formations by pruning unsupported groups in each itera-
tion with a prior. Their proposed algorithm starts by placing an arbitrary F-formation
on the graph constructed from people’s ground positions, orientations, and head/body
poses. A hill-climbing optimization is used at every iteration to assign participants to
possible F-formations depending on the efficient graph-cut-based optimization. Then,
update the F-formations centers according to the result gathered from efficient graph-
cuts while removing the impossible groups that do not obey a prior rule. This prior
rule is called the ‘Minimum Description Length’ (MDL), and it is defined as follows.
In simple terms, MDL is used to prevent the cases where a person blocks another by
standing between the o-space center and them. Since this kind of positioning prevents
the second person from gaining access to the o-space center of the F-formation, this
grouping is removed due to ‘Minimum Description Length.” The iterations continue

until the convergence of the algorithm, which is guaranteed.

Lately, the research within the group detection field has re-emerged using Deep
Learning algorithms. One of the most popular approaches by Swofford et al. [9] uses
a novel Deep Affinity Network (DANTE) method to find the optimal clustering in
a free-standing conversational setting. They turn the group detection problem into
an affinity prediction problem where the network learns from data the appropriate
affinity values between the nodes of the graph, which constitutes edge weights. The
authors assume that the spatial configuration of the scene could be enough to calculate
the relationships, and the relevant social context should be utilized to maximize the
performance. They employ this idea by using the position and orientation of individuals
to derive a context. They are inspired by Setti et al.’s work [5] where there can not be
a possible group if a person is in-between the o-space of an F-formation and another
person. However, the main contribution of their work is to find an affinity matrix
and construct an edge-weighted graph from that to finally cluster nodes using the

Dominant Sets algorithm. When finding the affinity matrix, they use two transform
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functions: Dyad transform and context transform. Both of these transform functions
use the power of Neural Networks. Firstly, Dyad transform, which consists of multiple
independent multi-layer perceptrons, applies a non-linear function to input feature
vectors of the intersection graph constructed from the social scene. This results in a
feature encoding that helps cluster people based on their spatial features. Secondly,
context transform computes a single global feature that characterizes the context of
the social scene. Context transform also uses multi-layer perceptrons with dense layers
followed by ReLU activation to compute a context feature vector. DANTE is one
of the first methods that use Neural Network-based solutions for the group detection

problem.
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3. PROPOSED METHOD
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Figure 3.1. Main diagram of our method.

Our approach is based on ‘Deep Modularity Networks’ (DMoN) [35], which ac-
complishes graph clustering with Graph Convolutional Networks (GCN). Graph Con-
volutional Networks are simple yet effective message-passing networks that can help
emerge various information on graphs. The striking power of using graphs is defined
across many fields, including social sciences [48], natural sciences [49], and knowledge
graphs [50]. Mainly, there are two different approaches to graph-related problems;

semi-supervised learning and unsupervised learning.

Semi-supervised learning handles the general problem of learning from labeled and
unlabeled data. This type of learning is mainly used on node classification on graphs.
Utilizing the graph structure of data enables learning with very few labels. Most
graph-based research that uses semi-supervised learning assumes a cluster structure
that implies that adjacent nodes on a graph share common features. This assumption
is natural for most of the datasets available in graph formats. For example, in a
citation network, the citation links between documents describe their citation relations,
connecting papers within similar research domains. Many semi-supervised learning

approaches aim to represent this network structure’s clusterability as well as possible.
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On the other hand, unsupervised methods solve the problem of learning different
representations from given data features and adjacencies between graph nodes. Unsu-
pervised learning with graphs is used in various fields featuring community detection,
graph clustering, graph embedding, and anomaly detection. Many researchers try to
solve these problems by using dimensionality reduction. Most of the data used in
these fields contain high-dimensional data. However, the vast volumes of data present
several obstacles and render traditional methodologies ineffective in real-world applica-
tions. Instead of using traditional methods, dimensionality reduction achieved through

Graph Neural Networks comes as a more helpful resource.

Figure 3.2. Zachary’s karate club network [1] showing the community structure. The
nodes are labeled into four different groups based on their decisions on the financial

conflict between the primary instructors.

DMoN exploits the power of the Graph Convolutional Networks to solve the unsu-
pervised community detection problem. In its essence, it extracts the graph embedding
vectors from the graph’s node features which enables more straightforward clustering

of the data. The datasets mainly used in the unsupervised clustering field are relational
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datasets with numerous nodes. For example, Cora [51] is a dataset of 2708 scientific
publications roughly classified into seven classes. Citeseer [52] is another publication
network consisting of 3312 scientific publications with 4732 links. Graph Convolutional
Networks are highly efficient when approaching unsupervised clustering problems with
large networks. Another high-efficiency use case for the GCNs is for community detec-
tion. Starting the seeds as early as 1977, Zachary introduced the historically famous
community dataset Karate Club [1]. With the increasing popularity of social network
websites such as Facebook, Google+, and Twitter, there has been a demand increase
in community research. SNAP (Stanford Large Network Dataset Collection) [53] con-
tains various datasets created from the connections and information gathered from
these websites. Many different GCN methods have been used on these datasets with
outstanding results. Since our problem can be simplified as a community detection

problem, we use GCN-based DMoN to detect the free-standing conversational groups.

In order to use DMoN, which is GCN-based, we need to convert our input datasets
into a graph format. We use the idea of using view frustums as an indicator of affinity
between individuals. We construct a graph for each scenario in the datasets from
this affinity information. The rest of this chapter is structured as follows. Section
3.1 explains how we construct the graph from input data, and Section 3.2 provides

information about the method we use DMoN.

3.1. Conversational Graph Construction

A scene taken from a video is usually described with each person’s position in 2D
or 3D coordinates or with their human joint locations in each frame. In our work, we
recreate each frame as a graph to visually analyze group distributions. Specifically, we
construct an undirected graph G = (V| E) on a single sequence with V' nodes and F
edges featuring people’s positions and their relationships with each other. In this graph,
the node-set contains all the human beings present in the current frame. The feature
vector on a node F'(v;) holds the person’s position in a 2D vector which corresponds to

a top-down view coordinate. Some example graphs created from CMU Pizza Party and
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SALSA dataset ground-truth annotations can be seen in 3.3, 3.4, and 3.5 respectively.

Since these graphs are generated from ground-truth annotations, we have to come up

with a new way that can produce graphs when there are no ground-truth f-formations

available.

CMU Panoptic - 160906_pizzal - Camera View
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CMU Panoptic - 160906_pizzal - Bird's Eye View
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Figure 3.3. Example ground truth formation and a camera view of the same frame

Salsa - Cocktail Party - Camera View

side-by-side taken from CMU Pizza Party dataset.

Salsa - Cocktail Party - Bird's Eye View

Figure 3.4. Example ground truth formation and a camera view of the same frame

side-by-side taken from SALSA Cocktail Party dataset.
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Figure 3.5. Example ground truth formation and a camera view of the same frame

side-by-side taken from SALSA Poster Session dataset.

Cocktail Party - Camera View

Cocktail Party Dataset: 2010/06/01 - 17:41:23
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Figure 3.6. Example ground truth formation and a camera view of the same frame

side-by-side taken from Cocktail Party dataset.

We construct our graph from people’s locations in two steps. First, we cal-

culate pairwise Fuclidean distances between all individuals. This distance inversely
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contributes to the weights of edges in the graph. Considering ;; the candidate edge

weight between nodes ¢ and j, it is calculated from:

max(A)
d(niv nj)

wij =

(3.1)

where A is the pairwise Euclidean distance matrix and d(n;, n;) is the distance between

¢ and 7 nodes.
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Figure 3.7. Example graphs created from ground-truth annotations of SALSA
dataset. Left: Cocktail Party, right: Poster Session.

To calculate the finalized edge weights, we first consider a triangular view frustum
for each person. This frustum starts out from the base location of the individual and
stretches out to [ length with o degrees to each side 3.8. These parameters are tuned
differently for each dataset available to achieve the best performance possible. We
calculate the area of intersections of view frustums between people using Sutherland-
Hodgman convex polygon clipping algorithm [54] 3.9. And then, using the Shoelace
formula, we can calculate the area of the resulting polygon after clipping. After cal-

culating the area of intersection between view frustums, we finalize edge weights by
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multiplying this value with the intermediate edge weight:

N-1 N-1
(Tilit1) + Toys — Z (Tit19i) — T1Yn | , (32)

i=1 i=1

max(A) 1

i = X o
w] d(ni,nj) 2

where x; and y; are the vertex positions of the final clipped polygon.

Figure 3.8. Showcasing the triangular view frustum. Left: shows an example view
frustum of a single person where L is the length of frustum and « is the frustum
angle. Right: shows the intersection of two view frustums. Red and cyan lines
represent the edges obtained from Sutherland-Hodgman algorithm with respect to P1
and P2.
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1
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Require vj', j =1,2,..., M the vertices of the subject polygon

Require v;, ¢+ =1,2,..., N the vertices of the clipping polygon
Create new polygon P’ from clipping polygon
for clippingEdge [vf,v},,],i = (N —1) € P' do
Initialize empty P” array
for subjectEdge [v7,v7,,],7 = (M — 1) do
Compute intersectionPoint between clippingEdge and subjectEdge
if clippingEdge inside subjectEdge then
Jr
P+ 1)]1- 1
end if
if vjz inside clippingEdge and U? 1 outside clippingEdge then
P" & intersectionPoint
end if
if vjz 11 inside clippingEdge and v? outside clippingEdge then
P" & intersectionPoint & Vi
end if
P+ P
end for
end for

return P’

Figure 3.9. Sutherland-Hodgman Polygon Clipping Algorithm.

3.1.1. Node Features

When constructing the graph, we need to define a feature vector for each node
in the graph. These node vectors are similar to features obtained from convolutional
filters in convolutional neural networks. The features obtained from convolutional
filters represent local patterns in images. Whereas in the graph case, these node vectors

can be assigned by the user. Therefore, there are multiple ways of initializing node
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features.

Firstly, in traditional unsupervised GNN and GCN training, the node feature
matrix is initialized as an identity matrix where each node is distinct. This way of
initializing feature vectors assures that each node has features that are different from
one another. As the GCN training continues, each node will learn its features in

addition to the features of its neighboring nodes.

Furthermore, in DMoN, the node features are gathered from the information
available on the datasets. For example, datasets that contain citation networks provide
abstracts for the published material. In this case, they used published papers as nodes
where the bag-of-words abstracts are used as node features. For different datasets
such as Amazon PC and Amazon Photos, where the graph represents the co-purchase
of Amazon PC products, the node features are represented by bag-of-words product
reviews. In another dataset that contains co-authorship networks, each node is an

author, and the node features are the keywords collected from papers of the authors.

Consequently, we use this idea of using information gathered from the dataset
when initializing the node feature matrix. In our datasets, we have the 2D configuration
of each frame where the location of each person is available. We use the 2D position
of each person as their node feature. For each person, we create a 2D feature vector

that creates an N x 2 node feature matrix.

Moreover, we analyzed the advantages of crafting the feature matrix using the
position information compared to naively initializing it as an identity vector. We used
our augmented CMU dataset as the baseline for comparing both initialization routines.
We have found that using the latter method yielded up to 3% increase in T' = 1 F1
scores over all of the folds on the SALSA dataset with Poster Session and Cocktail

Party on Table 4.7 and 4.8 respectively.
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3.1.2. Edge Weighting

As explained in Section 3.1, we construct graph edges using triangular view frus-
tums. We get inspiration from one of the previous methods that also utilize the notion
of view frustums. We want to initialize weights of edges to be proportional to how
much people are interacting. This way, we can make sure that our Graph Convolu-
tional Network can learn the ideal graph structure. Other alternative methods use

different edge weight initializations.

Previously Hung and Krése [3], in their method, acknowledged an F-formation
as a dominant-set cluster of an edge-weighted graph. The edges between two nodes
(person) measure the affinity between pairs. They calculate the proximity between two

persons using a symmetric distance function. Considering a pair of nodes ¢ and j:

d;j

APTOT — omagh (3.3)

where d;; is the euclidean distance and o is the variance of pairwise distances depending
on the dataset (approximately two meters for all datasets). A7/ gives a relative

proximity value between ¢ and j node pairs.

However, just using distance as a proximity metric may produce some errors as
the location gets more crowded. Hung and Krose [3] improve their affinity matrix using
people’s orientation. They multiply the angle difference between head orientations of
two people with the proximity value. This is especially important in times when the
pair of people are close to each other while facing the opposite directions. This kind
of gathering would be undesirable when constructing an F-Formation with only the

position in the proximity equation.
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Figure 3.10. Example calculated edge weights from a group in SALSA Poster Session

dataset.

Figure 3.11. Edge weight calculation for an example group formation. The edge
pruning tolerance is set at an arbitrary value of 0.6. The dashed edges indicate edges

to be removed from graph.
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One of the frustum-based methods, Bazzani et al. [13] focuses on using people’s
head orientations to induce a 3D view frustum. These view frustums are used as an
approximation of an individual’s Focus of Attention (FoA). They combine the idea of
proximity information with the intersections of view frustums to find the interactions

between people.

They use a 3D view frustum polyhedron that spans 120° in both directions. We
use this idea of view frustums in our approach. However, since not all of our datasets
consist of 3D head-pose vectors, we use a 2D view frustum. To find the optimal viewing
frustum length, we explore the optimal length by changing it gradually between 0.5 and
2.0 units for each dataset individually. Furthermore, we also experiment with frustum

angle between 60° and 150° in both directions.

Finally, we calculate the weight of the edges with the following equation:

prox

oo i RE 3.4
Wi (LQ'tang) (3:4)

where Ir, 5, denotes the intersection area between frustum of it" and j** nodes. L is
the frustum length, and 6 is the frustum angle on a single side. L?-tan g gives the area

of a single person’s frustum.
3.1.3. Edge Pruning

As a final touch to our weighted graph, we propose an idea called ‘edge pruning.’
We observe that if we feed a completely connected weighted graph to GCN, the embed-
ded representations of the nodes do not get separated for optimal clustering. Therefore,
we cull the edges that contain very low affinity between people. We introduce a new
variable called "edge weight threshold” and remove the edges under this threshold in
every graph. By doing this, we improve the clusterability of the graph embeddings, as

seen in 3.12.
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Figure 3.12. Graph embeddings of nodes at 400" epoch of GCN training on SALSA

dataset. Left: shows graph embeddings without edge pruning, right: shows with edge
pruning. Darker blue group is separated from cyan group which shows the effect of

edge pruning.

3.2. Deep Modularity Networks - DMoN

Deep Modularity Networks (DMoN) is an unsupervised pooling method that su-
persedes the methods that use modularity to measure clustering quality. It undertakes
the challenging problem of clustering massive real-world graphs. DMoN is able to
simultaneously use the signal from the node attributes and graph structure as an ad-
vantage. With that, DMoN displays state-of-the-art result clusters in real-world data,

which compare significantly with ground truth labels.

3.2.1. Graph Convolutional Networks

Graph neural networks (GNNs) are a type of neural network that works with
graph-structured data in a natural way. Compared to models that analyze individual
entities in isolation, GNNs may generate more educated predictions about entities
in these interactions by extracting and exploiting characteristics from the underlying

graph.

Many systems and interactions may be represented as graphs, including social
networks, molecules, organizations, citations, physical models, and transactions. How-
ever, the real challenge is doing computations by using a graph. Since graphs are very

adjustable mathematical models, they lack consistency in structure between instances.
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It is not trivial to represent graphs so that processors can compute over and relies heav-
ily on the problem to achieve a meaningful result. Also, there is no intrinsic ordering
among the nodes in many graphs. In contrast with an image, where each pixel is indi-
vidually identified by its absolute position, graphs do not contain a grid-like structure,

making it hard to define the ordering between the nodes.

The most straightforward GNN architecture usually consists of a differentiable
model used as the update function. This type of structure is, called the ‘message
passing neural network’ proposed by Gilmer et al., is the foundation of the GNNs.
This framework applies the differentiable update function for each node vector and
outputs a learned embedding. Edges and global-context vectors can have features just
like nodes. The exact process is repeated for edges and global-context vectors to achieve

edge embeddings and a single embedding for the entire graph.

The most common architecture for Graph Neural Networks contains a convo-
lutional pooling function since the parameters used are generally shared for all the
locations in the graph. Nevertheless, the convolution on graphs is not as simple as it
is on images. Therefore, Kipf et al. came up with a ‘fast approximate convolution’ on

graphs that produce the traditional convolution’s intended result.

The method they provide requires node features (z;) and adjacency matrix (A)
as input. First, they modify the adjacency matrix by adding an identity matrix so
that while summing up the feature vectors of the neighboring node in order to not
lose the information from the self node. This is called adding a self-loop to the graph
A = A+ I. Another modification they apply is that the adjacency matrix of a graph
requires normalization before applying it directly because if it is multiplied directly,
the feature vectors of the initial graph will be scaled out of proportion. The adjacency
matrix is normalized with the inverse of the degree matrix to combat this issue D1A.

In practice, symmetric normalization is applied rather than having naive averaging of
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neighboring nodes D=2 AD~3. The final aggregation function in this case becomes:
FHD A) =D 2AD 2 HOWWY) (3.5)

where H® and W are the feature vector and the network weights at the I** layer of

the network and o is a non-linear activation function, usually a ReLU.

T .
GNN
Cemerm L
Vn->Vn Vn->Vn
T i P: Aggregation Function
Initial Representations F Update Function Output Representations
of Nodes T of Nodes

P= Sum, Mean, ...

F=gx, ...

Figure 3.13. A GNN architecture diagram, which updates node representations of a

graph by aggregating neighboring nodes.

At its core, DMoN uses GCN with minor modifications to obtain soft cluster
assignments. They change the traditional GCN architecture by introducing a trainable
skip connection instead of adding self-loops to the graph structure. Another adjustment

they make is to use SeLU activation instead of ReLU for improved convergence [55].

3.2.2. DMoN Network Architecture

We combine the abilities of a graph clustering method called Deep Modular-
ity Networks (DMoN) [35] with our constructed graphs to improve group detection.
DMoN is an approach used in the social network clustering problem which proposes

an unsupervised clustering objective function that optimizes soft cluster assignments.

The primary objective function of DMoN is to maximize the modularity [56] of

the graph. Modularity is a metric that assesses how well a network can be divided
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into clusters. High-modularity networks feature powerful connections between nodes
inside clusters and weak connections between nodes in different clusters. In optimiza-
tion approaches for finding community structure in networks, modularity is commonly
utilized. It compares the given graph with a fully random graph to evaluate the signifi-

cance of clustering. In a random graph, given nodes ¢ and j with degrees d; and d;, the

did;
2m

expected connection probability would be , where m is the total number of edges
in the graph. The divergence between the intra-cluster edges and the anticipated one

is measured by:

0-_-%" [Aij = didﬂ’] 5(ciy ¢), (3.6)

- 2m 2m

)

where 0(c;,¢;) = 1if i and j are in the same cluster and zero otherwise.

However, maximizing modularity is an NP-hard problem [57] and cannot be
solved feasibly for more comprehensive networks. Instead, the authors of DMoN choose
to approach the problem with a spectral relaxation to solve it efficiently [58]. The mod-

ularity @ can be reformulated as:
Q= ! Tr(C'BC) (3.7)
~ 2m ’ '

where B is the affinity matrix defined as B = A — % and C € 0,1™* is the cluster
assignment matrix. The optimal cluster assignment matrix C is found from the top-
k eigenvectors of the affinity matrix B, maximizing the modularity Q. The solution
can be optimized quickly with iterative methods such as power iteration or Lanczos

algorithm [35].

Finding a spectral maximum has a massive flaw when using gradient-based op-
timization methods. We can produce a locally optimal solution that disables further
learning by assigning every node to a single cluster. The main contribution of DMoN
is to regularize cluster assignments so that this situation can be circumvented. They

introduce ‘collapse regularization’ in their objective function, which prevents the opti-
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mizer from being trapped in a local maximum while not limiting the optimization of
the main objective as follows:
1 k
LDMoN = —Q—TI(CTBC) + £
n

m

1, (3.8)

Ser

F

where the Frobenius norm of the cluster membership counts sz CH p» hormalized to
the range [0, 1], is used as the regularizer. This value will be maximized when all nodes
are assigned to a single cluster and will be zero when each cluster has the same number
of nodes. They also added a dropout layer after obtaining the latent representations

of GNN to further prevent the optimizer from getting trapped in the local optima of
the objective function [59].
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4. EXPERIMENTAL RESULTS

4.1. Datasets

We present our annotations of a publicly available dataset on top of five other
datasets we use to compare with other methods. We annotated the ‘Pizza Party’
setting under the ‘Special Events’ category of CMU Panoptic Studio Dataset [36]. For
other datasets, we rely on the ground truth annotations given by their authors. These
datasets are: Synthetic Dataset and Coffee Break from [60], Cocktail Party from [5],

Salsa Cocktail Party and Poster Session from [10].

4.1.1. CMU Panoptic Studio

CMU Panoptic Studio dataset provides a way of capturing the 3D motion of
multiple individuals engaged in social interaction. A dome-shaped geodesic structure
is built to capture footage from inside the dome, with a total of 511 cameras covering it.
The structure is held by 40 hexagonal, six pentagonal, and ten trimmed panels, where
each hexagonal panel contains 24 VGA cameras. Also, there are 10 Kinect sensors that

provide point cloud data to create more robust keypoint detection [36].

The annotations consist of 3D joint locations in COCO19 format [61] of each
individual in the frame on top of camera calibration matrices, face, hand [62], and feet

keypoints, Kinect RGB-D cloud point data.

As of right now, there are eight main categories of recorded video. Some video
types such as: ‘Range of Motion’, ‘Musical Instruments’, and ‘Dance’ mainly consist of
a single person interacting with the environment. As for other categories, ‘Ultimatum’
and ‘Mafia’ are social games where multiple people engage in role-playing. Although
these videos introduce more than one person and have free-standing conversational

groups, they consist of only a single group which is not feasible for our research. Simi-
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larly, the ‘Haggling” and ‘Toddler’ categories consist of three people playing a bargain-
ing game and mom/toddler interaction, respectively. We choose to work on the ‘Special
Events’ section as we think it qualifies as an example of a free-standing conversational

group context.

Among other videos among ‘Special Events’, we select ‘160906 _pizzal’ which in-
cludes the footage of six people having a pizza party while having conversations with
each other. We discard videos taken in an office setting, car repair, and sports prac-
tice because of not having enough people to form an FCG. On top of that, we ignore
meetings and various social games because of having only a single group throughout
the whole sequence. From now on, we will refer to the video called ‘160906_pizzal’ as

‘Pizza Party’ for clarity.

Figure 4.1. Example HD video angles taken from CMU Pizza Party video.

Pizza Party video lasts for five minutes and has HD quality videos available in
31 different angles. We annotate FCGs throughout the video at every 30" frame (one
second) while inspecting people’s positions with four main camera angles (cam no. 0,
8, 15, 23). With this method, we gather 220 annotated frames out of 6582 available.

User interface of our annotation tool can be seen in 4.2.
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Figure 4.2. Interface of our annotation tool. ‘Previous’ and ‘Next’ buttons change
camera positions. Video can be skipped by one second using right and left keyboard

keys. To annotate groups, we can select people from the left view with mouse pointer.

4.1.2. Synergetic sociAL Scene Analysis (SALSA)

The SALSA dataset is an exceptional resource for researching human social in-
teractions in multiple variations. The authors provide visual data from four different
camera angles as well as audio and accelerometer sensor data. Besides sensor outputs,
the dataset also contains f-formation annotations (annotated in three seconds intervals)

personality scores for each big-five personality trait [63] of every individual.

There are two recordings available with 30,000 (Poster Session) and 25,000 frames
(Cocktail Party) which last for a total of 60 minutes. At each scene, the body positions
and head orientations of 18 individuals are tracked using a Hybrid Joint-Separable
particle filter (HJS-PF) [64]. Using these tracking results, they annotated the position,
head, and body orientation of each target in a semi-automatic fashion every 45 frames
(three seconds). These annotated data were then used to deduce the F-Formations.
The rule for annotating F-Formations is that if an individual’s body/head orientation is
converging to an o-space without any obstructions, then he is considered as a member

of that group. Example scenes taken from Poster Session and Cocktail Party videos
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taken at 10" minute can be seen in 4.3 and 4.4. There are 645 annotated frames for

Poster Session and 500 for Cocktail Party.

Figure 4.3. Example frame taken from Poster Session video of SALSA dataset

showcasing four different camera angles.

Figure 4.4. Example frame taken from Cocktail Party video of SALSA dataset

showcasing four different camera angles.
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4.2. Performance Evaluation Metrics

This section will introduce the performance metrics used to measure the quality of
the detected groups. Remarkably, each study in the literature defines the term ‘group’
differently, and there is no agreed-upon formal definition. As a result, many detection
systems have improvised figures of their particular group definition, making it notably
challenging to test comparatively with various algorithms. Therefore, we use specific

group detection metrics that are agreed upon in most of the previous methods.

Firstly, a generic group clustering quality measure was introduced by Cristiani
et al. [6], stating that a correct estimation of a group is if at least [(7" - |G])] of their
members are detected correctly, where |G| is the cardinality of the group G and T is
the tolerance threshold. Cristiani et al. [6] chose the tolerance threshold as 2/3 and
calculated precision and recall metrics accordingly. Setti et al. [2] improve this idea
by choosing the threshold as a free variable and calculating the area under the curve
(AUC) for Fy vs. T graph with T varying from 1/2 to 1. Though, they are particularly

interested in two values of 7" 2/3 and 1.

In 2019, Setti et al. [37] introduced the GRODE metrics to consider the ideal
group detector behavior. They state that the ideal group detector must contain some
crucial properties. These properties include; invariance to ‘Group cardinality,” ‘Group
number,” ‘Group appearance,” and ‘Singletons.” Essentially, the ideal group detector
should be unbiased to group cardinality the appearance of individuals and should
detect all groups present in the scene even if it consists of single members. Setti
et al. [37] also define essential properties for group detection metrics. These include
Compactness, Generality, and Essentiality. The ideal group detection metric should
consist of only a few free parameters to have any rule applied on top of it will be simple
to be reproduced. It should also be general enough to apply to any domain of group

detection methods in the literature.
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Figure 4.5. Case when tolerance threshold is 1. All detected groups must match
exactly to the ground-truth groups.

4.3. Effect of Node Features

As explained in Section 3.1.1, we experiment with the initialization of the input
feature matrix in two different ways. First, we experiment with initializing the node
feature matrix as an Na N identity matrix where N is the number of nodes in the
current graph. This way allows initializing each node feature as a different one-hot
encoded vector, essentially initializing each one as a unique feature. This initialization
method designates each person as a separate individual, which forces the GCN to
learn from the adjacency matrix alone. It is common to use this technique in cases
where nodes represent individuals, and no identifying feature can be extracted from the
dataset. Kipf et al. have used this initialization of the feature vectors when training

the Karate Club dataset with GCNs.

Another way of setting the input feature matrix is to use 2D person position
information supplied by the datasets. When initialized this way, we have a 2z N node
feature matrix that contributes to people’s affinity. Instead of having each individual
as unique, we consider people closer to each other as more similar in the input matrix.

We then experiment with both ways of constructing the input features and analyze
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Figure 4.6. Case when tolerance threshold is 2/3. Lowered tolerance value allows

misdetections of people in groups. In this example, there are six people in a single
group in the ground truth. Therefore with 2/3 tolerance threshold even though two
people are not detected in the same group in the detection, this case is considered as

correct.

the effect on the F1 Score with tolerance threshold at both 7" =1 and 7" = 2/3. We
use the SALSA dataset as our experimentation dataset. The results are in 4.7 and 4.8
for the SALSA Poster Session and Cocktail Party datasets respectively. Here, we can
conclude that having node features as people’s positions improved the F1 Score on
the Poster Session subset. However, there was no significant improvement with the

Cocktail Party dataset.

4.4. Effect of Edge Pruning

In Section 3.1.3, we introduce a novel idea of pruning edges with low weights
when building the input graph for GCN from given datasets. We observed that if a
completely connected weighted graph is fed to the GCN as input, the network will
have difficulty separating the nodes into clusters in embedded space. Therefore, as a
solution, we introduce an edge weight threshold that acts as a regularizer for the GCN

input. Edges under this arbitrary threshold represent very weak affinities between
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people and are sometimes misleading. We explore different settings of the edge weight
threshold between 0 to 0.2, where at 0, there will be no edge pruning. We remove the
edges below this threshold and analyze its effect on the F1 Score on the SALSA dataset.
The results are given in 4.5 and 4.6 for the SALSA Poster Session and Cocktail Party
datasets respectively. We observe that in Cocktail Party, there is a slight improvement
in F1 Score at T'= 1 from initially 48.36% to 51.6% with a 0.2 edge weight threshold.
However, there is no clear evidence that edge pruning improves the F'1 Score for Poster

Session.

4.5. Temporal Fusion Post-Processing

As we explained in Chapter 2, the previous methods that concentrate on the
social group detection problem do not use the temporal information that resides in-
nately within the videos. Therefore, one of our novel contributions in this paper is
to use this temporal information as a post-processing step. The nature of the social
groups indicates that when a group or a bond is formed between individuals, the group
participants do not change rapidly. These groups tend to last for a certain time be-
fore breaking up and forming another group elsewhere. We observe this condition in
videos where the groups are more static such as a poster session. In a more dynamic

environment such as the cocktail party, the groupings lean towards a shorter lifespan.

Another observation that we have is that the output of our neural network can
have noisy inputs. If the network is unsure about the assignment of a person in a group,
it can lead to wrong assignments in some cases. Although the prediction probability is
not high, since we are assigning groups using a single frame at a time, the probability
of him being in the other group may win by a small margin. We apply a smoothing
function through the temporal dimension that fixes these noisy group assignments to

prevent these cases.

We use exponential moving averages to smooth out the noisy predictions in the

time domain. Even though it is a simple approach and more popularly used with
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Figure 4.7. Example scene showing noisy detection at time T=5. Red indicates that

the neural network assigned that individual to a different group.
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Figure 4.8. Weights for each prediction for every frame in 4.7 when using exponential

moving average.

observing trends in the stock markets, it works quite well for our use case. After
gathering the cluster assignments from the activation layer of the DMoN, we apply
an exponential moving average to the last seen frame and frames that come before it.
Therefore we avoid making predictions for the frames we have not seen yet. When using
exponential average, we experiment with the exponential coefficient o by changing it
from 0.1 to 0.5. The a coefficient determines how big of a frame window we are
considering behind the current frame to make a decision. When the constant is bigger,
the weights of the frames long before the current frame will be more effective. As this
constant gets smaller, the frame window will be shorter, and the effect of the older
frames will be diminished heavily. We also apply a simple moving average with a fixed

window. However, using the simple average is more ineffective than the exponential
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average. The optimal frustum length (L) is chosen as two meters, and the optimal
frustum angle # is found to be 45 degrees. The a parameter of the exponential moving
average filter is selected as 0.3 for the Cocktail Party dataset and 0.1 for the Poster
Session dataset. This result is expected because the groups in the Poster Session
dataset are more static and change less frequently than the groups in the Cocktail

Party dataset.

4.6. Training and Evaluation Details

In order to test our method on each frame from the dataset, we use 5-fold cross-
validation. Our 5-fold cross-validation is consistent with the 5-fold used in the prior
Deep Learning-based methods such as DANTE [9]. Due to the nature of time-series
data, each fold is treated as a continuous data segment to preserve spatial information
in the videos. We choose data for validation from the training set in such a way that
it isolates the data that is used for training from the data that is used for testing as
much as feasible. After hyper-parameters are determined based on the validation set,

the test data of a specific fold is solely utilized to compute final results.

To train DMoN, we try to find the optimal hyper-parameters for each dataset
using an exhaustive grid search algorithm. To quickly find them, we select random n
frames from the dataset to train and evaluate other frames. We select n to be as small
as possible while giving logical results. We find that GCN architecture (depth and
kernel size) and learning rate does not differ among datasets. However, parameters
such as frustum length, frustum angle, edge cutoff threshold, collapse regularization,
number of maximum clusters, and dropout rate may have different values between

datasets.

4.7. Qualitative and Quantitative Results

We illustrate the predictions of our method for both datasets in 4.9. We show

two examples for Cocktail Party and Poster Session datasets, where the first two rows
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belong to Cocktail Party, and the last two rows are from the Poster Session dataset.
We illustrate our accurate and inaccurate group predictions for both datasets where
the first row of each dataset shows the accurate detections and the second row shows
the inaccurate results. In the first row, we see that our predictions only misplaced
the person number 8. We also show the results of GCFF, our best competitor in
this dataset, where they failed to identify most of the groups correctly. In the second
row, our model failed to detect all groups except the blue group with three members.
In this frame, it is observed that our approach inaccurately prefers wvis-a-vis groups
(See 2.1 for the wis-a-vis group formation) over the larger group formations whereas
the GCFF method performs better. In the third row -a scene taken from the Poster
Session dataset- our approach perfectly matches every group. For this dataset, our
best competitor is DANTE. Looking at their results, DANTE could not detect the
orange group in the ground truth and falsely assigns 3 and 10 to the same group. For
the last row which exhibits complex small group formations, our system erroneously
combines dark blue, light blue, and red groups into a single group (orange). In this

case, DANTE misplaces only person 12 to the wrong group.

We show more results in 4.10 and 4.11 for our accurate predictions. In 4.10 our
model accurately predicts three groups (shown in red, light green, and dark green in
ground truth), and it misidentifies two small groups (orange and blue) as one. When
observed from the camera view, it is not clear how the group should be annotated,
but since the individuals are so close to each other, they remain each others’ r-space
(see 2.1), which indicates that we should consider it as a single group. For the 4.11 our

method perfectly predicts the groups as given in the ground truth.

We present the results for the CMU Panoptic Pizza Party dataset in 4.12, 4.13
and, 4.14. In 4.12 our predictions match perfectly with the ground truth. For 4.13
and 4.14 we observe that our model is incorrectly assigning person number 6 to a
group who is taking a pizza from the table. These inaccuracies indicate that if we can
integrate key inanimate objects into our pipeline, we can prevent cases similar to this.

We discuss this issue in the Section 5.
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We provide the quantitative group detection results (Fj scores) at two different
group tolerance thresholds (7" = 2/3 and 7' = 1) in 4.1 and 4.2 for the Poster Session
and Cocktail Party datasets, respectively. If we look at the F} scores at T'= 1 for the
Poster Session dataset in 4.1, we observe that our approach performs better than the
other approaches. When 7' = 2/3, DANTE seems slightly better with F; = 84.97%.
With the incorporation of temporal information, the proposed system outperforms all

other approaches, as can be seen at last row in 4.1

In the 4.2, we present the results for Cocktail Party dataset which is more difficult
than the Poster Session dataset due to highly dynamic group formations. The best
competitor to our method in this dataset is the GCFF method. At T' = 1, we improve
the F} score from 57.23% to 61.90%. When temporal fusion is employed, Fj score
further improves to 64.51%. Similar improvements can also be observed for T' = 2/3

in 4.2.

We demonstrate the effect of using edge pruning and node initialization in 4.6,
4.5, 4.8, and 4.7. In 4.6 and 4.5 we can observe the effect of edge pruning in Cocktail
Party and Poster Session dataset respectively. Although it is not clear in the Poster
Session dataset, the effect of edge pruning shows a slight improvement at the 7' =1
threshold F'1 Score in the Cocktail Party dataset. For node initialization, the result is
the opposite of the edge pruning experiments where we see a significant improvement
in the Poster Session dataset and there is no correlation in the Cocktail Party dataset.
If the spatial positions of individuals are used for node features, we observe a 10.75%

increase in the 7' =1 F1 Score.

We also provide our experimental results for the both SALSA datasets combined
in 4.9. The authors of DANTE share their results for 7" = 1 threshold as 64.4%.
However, in our experiments we cannot achieve the same results and find the F1 score
as 56.04%. In this dataset, our method improves the submitted results of DANTE
from 64.4% to 65.99%.
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For the CMU Panoptic Pizza Party dataset, we include the results in 4.10. In
this dataset we cannot improve the full match accuracy of the GCFF and fall below
by 3.18%. However, in the T' = 2/3 threshold, we achieve almost perfect F1 score of
99.82%, well above of GCFF by 8.65%. Since our method is based on a deep-learning
framework, it requires more data to generalize the situation. In the CMU dataset,
traditional methods may perform better than data-driven models as the number of

data points are limited.

Lastly, we analyze the group detection times for all of the approaches. The
proposed method detects groups in a single frame in 19 milliseconds on average. The
group detection times for the other approaches are as follows: 114 ms for the DANTE;,
45 ms for the GTCG, and 8 ms for the GCFF approach.

Table 4.1. Averaged F1-Score results of conversational group detection methods on

SALSA Poster Session dataset. The results are given in percentages.

F1 Score (T = 2) | F1 Score (T =1)
GCFF 81.35 60.64
GTCG 74.87 08.42
DANTE 84.97 64.90
DMoN 84.20 67.48
DMoN - MA 85.05 67.56
DMoN - EMA 85.17 68.03
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Table 4.2. Averaged F1-Score results of conversational group detection methods on

SALSA Cocktail Party dataset. The results are given in percentages.

F1 Score (T' = 2) | F1 Score (T'=1)
GCFF 77.83 57.23
GTCG 58.42 38.82
DANTE 74.84 56.04
DMoN 79.36 61.90
DMoN - MA 81.57 63.72
DMoN - EMA 81.71 64.51

Table 4.3. Fl-scores of all methods on SALSA Poster Session dataset at each fold.
MA and EMA represent post-processing methods, Simple Moving Average and

Exponential Moving Average respectively. All results are given in percentages.

Method Avg F1 | Fold-1 | Fold-2 | Fold-3 | Fold-4 | Fold-5

DMoN 84.20 93.23 92.48 70.02 87.14 78.12
DMoN - MA 85.05 93.71 93.11 70.16 90.22 78.03

T = % DMoN - EMA | 85.17 93.57 93.63 70.00 89.34 79.31
GCFF 81.35 79.38 87.06 81.59 78.59 80.11
GTCG 74.87 78.15 80.03 69.24 73.21 73.74
DANTE 84.97 66.39 97.85 81.02 90.45 89.16
DMoN 67.48 90.80 80.40 58.66 55.07 52.46

DMoN - MA 67.56 91.14 81.67 56.18 54.63 54.18
T =1 | DMoN - EMA | 68.03 91.22 80.61 58.73 96.32 23.28
GCFF 60.64 67.55 68.99 50.89 51.80 63.96
GTCG 08.42 43.16 51.87 50.10 70.53 76.42
DANTE 64.90 40.66 80.82 57.67 75.87 69.46
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Figure 4.9. Visual group detection results. The first two rows of results are from the
SALSA Cocktail Party dataset, and the next two rows are from the SALSA Poster
Session. The first column shows the video frame, the second column shows the
ground truth, the third column shows the results from our approach, and the last
column shows the results from the best competitors, e.g., the GCFF approach for the
Cocktail Party and DANTE for the Poster Session dataset.
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Figure 4.10. Sampled test result from SALSA Poster Session dataset. Left: original
image from the SALSA Poster Session dataset. Middle: ground truth conversational
group. Right: Our results with DMoN with Exponential Moving Average
post-processing method. Here the only misidentified group is the group with persons

number 13 and 14.

SALSA Cocktail Party Test results
Ground Truth Predictions

Figure 4.11. Sampled test result from SALSA Poster Session dataset. Left: original
image from the SALSA Poster Session dataset. Middle: ground truth conversational
group. Right: Our results with DMoN with Exponential Moving Average

post-processing method. A perfect example aligning with ground truth exactly.
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CMU Pizza Party Test results
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Figure 4.12. Sampled test result from CMU Pizza Party dataset. Left: original image
from the SALSA Poster Session dataset. Middle: ground truth conversational group.
Right: Results obtained from DMoN with Exponential Moving Average

post-processing method.

CMU Pizza Party Test results
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Figure 4.13. Fail case in the CMU Pizza Party Dataset. Although person number six
can be seen entering the room and heading for the pizza table from the camera view,

DMoN wrongly assigns him to the other groups.



CMU Pizza Party Test results

Ground Truth

48

1\

-15

Figure 4.14. Fail case in the CMU Pizza Party Dataset. Although person number six

can be seen entering the room and heading for the pizza table from the camera view,

DMoN wrongly assigns him to the other groups.

Table 4.4. Fl-scores of all methods on SALSA Cocktail Party dataset at each fold.

MA and EMA represent post-processing methods, Simple Moving Average and

Exponential Moving Average respectively. All results are given in percentages.

Method Avg F1 | Fold-1 | Fold-2 | Fold-3 | Fold-4 | Fold-5

GCFF 77.83 66.64 | 74.64 | 7098 | 86.82 | 90.09

GTCG 58.42 43.16 | 51.87 | 50.10 | 70.53 | 76.42

T = % DANTE 74.84 64.47 | 7856 | 65.69 | 90.03 | 75.48
DMoN 79.36 75.88 | 72.02 | 9222 | 93.50 | 63.19

DMoN - MA 81.57 75.64 | 77.50 | 9230 | 95.54 | 68.05

DMoN - EMA | 81.71 75.80 | 77.50 | 93.04 | 95.07 | 67.14

GCFF 57.23 39.78 | 50.73 | 50.89 | 67.84 | 76.89

GTCG 38.82 25.25 | 34.12 | 29.69 | 51.66 | 53.37

T=1 DANTE 56.04 42.79 | 55.87 | 48.93 74.55 | 58.07
DMoN 61.90 53.20 | 44.60 78.42 | 86.93 | 46.37

DMoN - MA 63.72 57.76 | 42.13 78.33 | 91.60 | 48.77

DMoN - EMA | 64.51 56.92 | 44.46 79.45 | 91.75 | 49.97
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Table 4.5. Effect of edge pruning on SALSA Poster Session dataset. There’s no

conclusive evidence that pruning edges with low weights helps in this case. All results

are given in percentages.

Model | Avg F1 | Threshold | Fold-1 | Fold-2 | Fold-3 | Fold-4 | Fold-5

83.96 no prune 97.96 92.33 66.62 84.89 78.00

T = % DMoN 83.49 0.1 97.76 93.24 66.55 81.88 78.00
83.11 0.2 97.76 92.57 | 65.73 81.32 78.17

67.08 no prune 90.80 77.45 58.54 56.13 52.46

T =1 | DMoN 67.48 0.1 90.80 80.40 58.66 55.07 | 52.46
66.72 0.2 90.77 | 79.00 58.02 53.17 | 52.63

Table 4.6. Effect of edge pruning on SALSA Cocktail Party dataset. A slight

improvement can be seen when 7" = 1 at the edge pruning threshold 0.2. All results

are given in percentages.

Model | Avg F1 | Details | Fold-1 | Fold-2 | Fold-3 | Fold-4 | Fold-5

75.77 | no prune | 59.04 75.67 71.17 85.94 87.03

T = % DMoN 75.16 0.1 58.59 74.50 71.40 85.20 86.13
73.96 0.2 61.07 72.33 59.90 84.42 92.10

48.36 no prune | 29.16 45.41 48.02 58.46 60.75

T =1 | DMoN 47.92 0.1 29.40 37.94 51.52 60.84 59.92
51.60 0.2 31.55 42.98 44.24 67.98 71.22
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Table 4.7. Effect of using people’s 2D spatial position as node features on SALSA

Poster Session dataset. Up to 10% increase in F1-Score can be seen at 7' = 1 when

position information is used. All results are given in percentages.

Model Avg F1 | Fold-1 | Fold-2 | Fold-3 | Fold-4 | Fold-5

) DMoN - No Pos. | 76.78 66.26 93.86 65.21 91.43 67.13
=5 DMoN - Pos. 83.96 97.96 92.33 66.62 84.89 78.00
DMoN - No Pos. | 56.33 51.35 74.71 50.65 63.48 41.47

=t DMoN - Pos. 67.08 90.80 77.45 58.54 56.13 52.46

Table 4.8. Effect of using people’s 2D spatial position as node features on SALSA

Cocktail Party dataset. Since Cocktail Party is more dynamic in nature, using

position values as features does not yield any improvements. All results are given in

percentages.
Model Avg F1 | Fold-1 | Fold-2 | Fold-3 | Fold-4 | Fold-5
o DMoN - No Pos. | 75.77 59.04 75.67 71.17 | 85.94 | 87.03
° DMoN - Pos. 72.57 53.80 69.22 67.88 80.38 91.59
DMoN - No Pos. | 48.36 29.16 | 45.41 48.02 58.46 60.75
=t DMoN - Pos. 47.23 30.01 39.66 | 41.58 56.55 68.34




o1

Table 4.9. Fl-scores of all methods on both SALSA Cocktail Party and SALSA
Poster Session combined at each fold. MA and EMA represent post-processing
methods, Simple Moving Average and Exponential Moving Average respectively. All
results are given in percentages. Our re-evaluation of DANTE on the combined

dataset for both T'=1 and T' = 2/3, and their results from the paper for "= 1 are

given.
Method Avg F1 | Fold-1 | Fold-2 | Fold-3 | Fold-4 | Fold-5
GCFF 79.59 73.01 80.85 76.29 82.71 85.10
GTCG 66.64 60.65 65.95 59.67 71.87 75.08
S DANTE 74.84 64.47 78.56 65.69 90.03 75.48
’ DMoN 80.58 71.89 98.48 81.38 86.75 64.39
DMoN - MA 81.10 72.80 98.69 81.01 88.82 64.15
DMoN - EMA 81.14 73.45 98.42 80.69 89.02 64.13
GCFF 58.93 53.66 59.86 50.89 59.82 70.43
GTCG 48.62 34.20 43.00 39.90 61.09 64.89
DANTE 56.04 42.79 55.87 48.93 74.55 58.07
T =1 | DANTE (PAPER) 64.40 76.00 57.00 70.00 50.00 69.00
DMoN 64.32 56.02 88.40 DT.TT 71.61 47.79
DMoN - MA 65.54 56.79 90.22 59.20 73.34 48.14
DMoN - EMA 65.99 56.71 90.16 59.84 74.11 49.11
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Table 4.10. Fl-scores of all methods on both CMU Pizza Party dataset at each fold.
MA and EMA represent post-processing methods, Simple Moving Average and
Exponential Moving Average respectively. All results are given in percentages.

Although DMoN achieves the best group detection accuracy with tolerance threshold
at T'=2/3, it falls below GCFF at T' = 1. This might be due to nature of Deep

Learning algorithms requiring much more data to produce meaningful results.

Method Avg F1 | Fold-1 | Fold-2 | Fold-3 | Fold-4 | Fold-5

GCFF 91.17 88.64 92.61 79.15 | 100.00 | 95.45

GTCG 52.63 10.70 58.05 66.29 62.96 65.15

T = % DMoN 97.36 97.73 | 100.00 | 89.09 | 100.00 | 100.00
DMoN - MA 99.82 100.00 | 100.00 | 99.09 | 100.00 | 100.00

DMoN - EMA | 99.82 100.00 | 100.00 | 99.09 | 100.00 | 100.00

GCFF 75.91 60.23 68.56 79.15 87.50 84.09

GTCG 23.95 0.91 2717 | 47.29 26.18 18.18

T=1 DMoN 67.00 56.82 57.95 50.91 79.55 89.77
DMoN - MA 70.18 59.09 57.95 60.00 84.09 89.77

DMoN - EMA | 72.73 70.45 57.95 61.36 84.09 89.77
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5. CONCLUSION & FUTURE WORK

In this thesis, we present a novel approach for detecting the free-standing conver-
sational groups by clustering the constructed social graphs from still images. In social
group detection, our method is the first to leverage the power of Graph Convolutional
Networks. We transfer the domain of a technique used in community detection to FCG
detection, where we utilize multiple sparse graphs instead of a vast single graph. We
introduce the way of constructing a graph from given spatial information of people in
a scene and apply it to work with GCNs. We analyze the importance of spatial infor-
mation to the affinities of people in engagements by evaluating the effect of different
proxemic features. We present a solution that individuates groups with high accuracy,
improving the state-of-the-art methods on the SALSA dataset. As an extension of this
study, consideration and modeling of key inanimate objects such as a food table in
a cocktail party or a poster in a poster session could improve the accuracy of FCG

detections as they provide insight into group dynamics.

As for future work, there are several directions we can take to improve our method.
Firstly, a supervised approach can be implemented. All of the datasets we use contain
ground truth F-Formations, but our method uses modularity as the objective function
to find the best clustering. If a supervised learning system could be constructed, the
results would improve even further. Secondly, if the key elements in the scene (e.g.,
pizza table, poster stand) can be integrated into the pipeline, we can discriminate
between forming a group and a simple attraction to the resources, therefore decreasing
the frequency of falsely assigned groups. A similar topic is to detect between people
in motion to prevent them from joining other groups while in motion. Another future
work path could be using a more modern deep-learning approach for handling temporal
information. Using exponential moving average is beneficial; however, it is a very
shallow solution in its current state. Lastly, since the ground truth labels in the datasets
are manual annotations, they are prone to human mistakes. Therefore, smoothing the

labels in the time domain could be applied to reduce noisy ground truth labels. If a



o4

hierarchical grouping approach could be accepted, the evaluation metrics would give

more granular information.
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