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Abstract

Holistic image interpretation constitutes a long-studied problem in computer vision that extends
well beyond object detection. Visual relationships comprise a means to that end, capturing a
wide variety of interactions between pairs of objects in an image. In this work, we model objects
and their relationships using scene graphs, a visually-grounded graphical structure of an image’s
semantic information. We propose an end-to-end model that generates such scene representations,
by incorporating a message passing scheme that propagates contextual information between objects
and their relationships to iteratively refine its predictions. We experiment on a variety of message
passing propagation architectures, including a modified version of a Graph Convolutional Network.
Furthermore, we propose a very simple yet effective relationship pruning network that learns to
identify and dismiss unlikely relationships. We report our performance on scene graph generation

and other auxiliary evaluation tasks using Visual Genome dataset, outperforming related methods.






Acknowledgements

The completion of this work was a challenge on a personal level, since it required laborious
effort and the combination of a wide range of knowledge acquired during my studies. Its
completion would not have been successtul without the contribution of some people, whom
I would like to thank deeply.

First and foremost, I would like to thank my supervisor, associate professor Dr. Anas-
tasios Delopoulos for the opportunity to work with him and for our excellent collaboration.
I would also like to thank the postdoctoral research associate Dr. Christos Diou for his
valuable contribution to completing this work, through his ideas and observations and the
guidance he offered me.

I would like to give special thanks to the supervising professors of P.A.N.D.O.R.A.
robotics team, associate professor Dr. Loukas Petrou, associate professor Dr. Andreas
Symeonidis and lecturer Dr. Charalampos Dimoulas. This team has been my academic
cradle, since I was taught how to experiment and conduct research in a real world setting.
Hence, as a tribute, I would like to informally name the product of this work Pyrrha,
daughter of the mythological Pandora and lone survivor of the great Deluge along with
her husband Deucalion, in hope that this work will mark a new beginning for mankind
through artificial intelligence.

Needless to say, none of the above could have been accomplished without the support
of my family throughout my studies, for which I am truly grateful.

Last but not least, I would like to thank my friends for their help and for everything

they have offered me in my development as a human being.






Contents

1 Introduction

11
1.2
1.3

Introductory Notes . . . . . . . . . . e
Problem Statement . . . . . . . . . . . . e e e e

Thesis Structure . . . . . . . . o e e e e e e e e e e e e e e e

2 Related Work

2.1
2.2

2.3

3.1
3.2
3.3

3.4

3.5

4.1
4.2

4.3

4.4

Image Classification & Object Detection . . . . ... ... ... ... .....
Scene Graph Generation & Relationship Detection . . ... .. ... ... ..
2.2.1 Visual Relationship Detection with Language Priors . . ... ... ..
2.2.2 Scene Graph Generation by Iterative Message Passing . . .. ... ..
2.2.3 Scene Graphs at Cognitive Image Tasks . . . . ... ... ... ....

Visual Genome Dataset. . . . . . . . . o v v i i e e e e e e e e e

System Modeling

System Modeling . . . . . . . .. ... . e
System Architecture . . . . . . . . ... Lo
Message Passing Neural Networks . . . . ... .. ... ... .........
3.3.1 Molecular Graph Convolutions . . . ... .. ... ...........
3.3.2 Gated Graph Neural Network . . . .. ... ... ... .. ... ....
Graph Convolutional Networks . . . . . ... ... ... ... .. ... ...,
3.4.1 Formulation as a Message Passing Neural Network . . . . .. ... ..

Relationship Pruning Network . . .. .. ... ... ... ... ....

Experimental Procedure

Visual Genome Dataset. . . . . . . . o v i i e e e e e e e e

Training . . . . . . . o L e
4.2.1 Mini-batch Sampling Strategy . . . . . . ... ... ... ... 0. ..
4.2.2 Loss Functions . . . .. ... ... ... ... ...,
Evaluation . . . . . . . . . e e e e e e e e e e e e e e
4.3.1 Evaluation Metrics . . . . . . . . . . . .. e
4.3.2 Evaluation Tasks . . . . . . . . . . . . e
Implementation Details . . . ... ... ... ... .. .. 00000,

vii

11
11
11
12
13
14
15
16
17



viii CONTENTS

5 Results
5.1 Results Overview . . . . . . ... ... . . e
5.1.1 Results with the addition of a Relationship Pruning Network . . . . .

6 Conclusions & Future Work

6.1 Conclusions . . . . . . . i i e e e e e e e e e e e e e
6.2 Future Work . . . . . . o e e e e e e e e e e

Appendices

A Notation Conventions

25
25
27

29
29
29

31



List of Figures

1.1

2.1

2.2

3.1
3.2
3.3

4.1
4.2
4.3
4.4

Problem Formulation . ... ... ... ... ... ... ... . ... ... 3
Examples of (a) region captions and region graphs and (b) holistic image

scene graph . . . .. L L e 8
Image content representation in Visual Genome . . . . . . ... .. ... ... 9
System Architecture . . . . . . . . ... 12
Message Passing Neural Network . . . . ... ... ... ... .. ....... 13
Graph Convolutional Network Adjacency Matrix . . ... ... ... ..... 16
Object and Predicate Frequencies . . . . . . ... ... ... ... ....... 20
Object and Predicate Distribution . . . . ... ... ... ... ......... 20
Unshuffled dataset Object and Predicate Distribution . . . . .. ... ... .. 21
Evaluation Tasks Visual Representation . . . ... ... ... ......... 24

ix



X LIST OF FIGURES




List of Tables

5.1 Evaluation Results at Visual Genome dataset . . . . . ... .. . . ... ... 26
5.2 Evaluation Results with the addition of a relationship pruning network . . . 28
A.1 Mathematical Formulae & Notation Conventions . . . . . . . . . « v v v . .. 31

Xi



xii LIST OF TABLES




Chapter 1

Introduction

1.1 Introductory Notes

Holistic image interpretation constitutes the holy grail of computer vision. Over the past
few years, advances in machine learning along with the rapidly evolving computer hard-
ware have been the cornerstone of progress in the fields of computer vision and image
understanding. Image recognition [39, 61, 24, 25] and object detection [20, 19, 56] con-
stitute remarkable examples of that progress, reaching extremely high levels of reasoning
through the integration of deep learning and convolutional neural networks.

The construction of increasingly richer and thoroughly annotated datasets has been a
crucial factor for this progress. These datasets are necessary for deep learning systems to
function, since they require great amounts of data to be trained properly and in order to
avoid overfitting. PASCAL Visual Object Classes (PASCAL VOC) [15], Microsoft Common
Objects in Context (MS COCO) [%44] and ImageNet [57] constitute typical examples of such
datasets.

However, despite the progress of both deep learning systems and datasets, object detec-
tion and instance segmentation remain the main focus of interest in the field of computer
vision. These tasks, albeit of great scientific interest fail to interpret the semantic content
of an image in a holistic manner and instead focus on detecting objects using bounding
boxes or object masks.

In order to fully understand the content of an image, though, one has not only to detect
the objects in it, but to detect the relationships between them, as well as the attributes that
describe them. This ensemble constitutes a visual scene graph [37], a compact mathemat-
ical representation that can describe an image in a holistic view. Such a representation
would allow a computer system to reason about the visual world as well as allow for
human-computer communication in a cognitive level, since the computer could describe
an image using natural language and reason about it, answering questions related to its
content. Thus, it can be used in cognitive visual tasks, such as image captioning or visual
question answering. Finally, scene graphs can be used to enhance semantic image retrieval

systems performance [32].
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The lack of datasets that focus on such cognitive level tasks was, until recently, a major
obstacle towards this direction. Visual Genome [38] was the first dataset to incorporate
cognitive tasks in image understanding. It was followed, among others, by CLEVR [30]
and more recently, Google Open Images [37].

Visual scene graphs, a compact mathematical representation of the visual world are of
high importance towards semantic image understanding since they summarize cognitive
level information. Thus, one the one hand, their generation can be viewed as a main
task, for example in the problem of action recognition, while, on the other hand, they can
function as an intermediate representation in tasks that involve human interaction through
natural language, as are for example the problems of image captioning and visual question

answering.

1.2 Problem Statement

In this work we explore the visual scene graph generation problem. More specifically,
we focus on the visual relationship detection problem. Our goal is to detect objects, i.e.
localize objects in an image using bounding boxes and classify them, as well as to detect
the predicates that connect object pairs. Object and predicate classification is performed
using a predetermined set of classes, including a background class that suggests an object’s
absence or the lack of a relationship between two objects, respectively.

Namely, we search for all the ordered triplets in the form of:
(objecty, predicate, objecty)

that exist in an image, combined with the localization of those objects. At this point we
note that the term predicate is used to describe the verbal phrase without the participation
of objects. This terminology is being used throughout this document. The aforementioned
triplet can be expressed in the following grammatical form, which will be henceforth
preferred:

(subject, predicate, object)

In the context of this work, the term relationship is used exclusively to describe the

interactions between two objects and does not take into account relationships of the form:
(subject,is, attribute)

which is included, for example, in Open Images dataset [37] and is commonly referred as
attribute detection.

Formally, let Z be an input image, V' be the set of localized object regions in image Z,
describing bounding boxes in R* space and E C P(V,2) be the set of connections between

object pairs, where P(V',2) denotes the 2-permutations of the set V. Furthermore, let O
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and P be the object and predicate labels among the predetermined classes Cp and Cp,
respectively.

Using this notation, we form the directed graph G = (V, E, O,P), where V indicates
the vertices and F indicates the edges. Note that G is a simple directed graph, i.e. there
are neither multiple edges nor loops in the graph. This corresponds to applying multiclass
predicate classification instead of multi-label predicate classification. Our goal is to predict
the graph elements given an input image. Mathematically, this can be formulated as
modeling the system P(G|Z).

In Figure 1.1 we schematically present the composed graph along with the problem’s

formalistic description.
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Figure 1.1: Problem Formulation

1.3 Thesis Structure

In the following chapters we discuss related work in the field of image understanding,
our system’s modeling and architecture, the experimental procedure and methodology we
followed, as well as the results of the conducted experiments and the conclusions we drew.

This work is comprised of six chapters, including the current introductory chapter.
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In chapter 2 we discuss related work in the fields of object detection and scene graph
generation and we briefly present the Visual Genome dataset.

In chapter 3 we formulate the system modeling and overall system architecture, as well
as the functionality that governs message passing neural networks and graph convolutional
networks.

In chapter 4 we discuss the methodology we followed to preprocess the dataset and
the experimental settings under which we train and evaluate the system.

In chapter 5 we discuss the evaluation results.

Finally, in chapter 6 we delve into result analysis and extract conclusions regarding
the chosen methodology and system modeling. Furthermore, we propose extensions for

future work to further increase the current system’s performance.



Chapter 2

Related Work

2.1 Image Classification & Object Detection

The evolution of deep learning and convolutional neural networks, which followed as a re-
sult of the creation of more efficient training mechanisms and the development of computer
hardware brought a revolution in the field of computer vision and artificial intelligence in
general. AlexNet [39] was the first in a long series of increasingly sophisticated neural
network architectures and image classification systems. It was followed by ZF Net [71],
VGGNet [61], GoogLeNet [64] and ResNet V1 [24] and ResNet V2 [26], which achieved
ground-breaking performance in ILSVRC competitions and raised the bar in image classi-
fication in unprecedented levels.

These networks were a starting point in the field of object detection, where R-CNN
(Regions with Convolutional Neural Network features) [20] was the first architecture to
successfully incorporate convolutional networks, by applying them to a set of regions of
interest extracted via Selective Search algorithm [68].

R-CNN was the first in a large family of object detection systems. It was followed by
Fast R-CNN [19] and Faster R-CNN [56], both of which decreased the detection speed
and increased performance. Faster R-CNN introduced a Region Proposal Network to
extract regions of interest and thus, it became the first end-to-end trainable object detection
architecture, comprised entirely of convolutional and fully-connected layers.

Beyond the R-CNN network family which mainly focuses on network performance, it
is worth mentioning the YOLO (You Only Look Once) network family with YOLO [54]
and YOLO9000 [55], as well as the SSD (Single Shot MultiBox Detector) [45] architecture.
These models follow a different approach in object detection and belong to the family of
single-shot detectors; region extraction is not part of a parallel subnetwork, as in Faster
R-CNN, but is instead part of the main network. These networks reach very high infer-
ence speeds, achieving object detection in real time with tens of frames per second, while
maintaining high performance, since their performance is on par with R-CNN networks.

Instance segmentation is a natural extension to object detection, aiming to detect objects

and localize them with non-convex contours. [11, , | constitute notable examples

5
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in the field, followed recently by Mask R-CNN [23], which achieves remarkably greater
performance and is an extension to Faster R-CNN in the field of instance segmentation.

2.2 Scene Graph Generation & Relationship Detection

Despite being a classic task with high research interest in the field of computer vision,
object detection cannot fully capture the content of an image, since it does not take into
account object relationships and the attributes that describe the objects. Over the past
few years, the advent of datasets incorporating those elements has resurged the interest
in tackling cognitive tasks, such as scene graph generation, image captioning and visual-

question answering.

[46] was one of the first efforts in the field of relationship detection, combining convo-
lutional neural networks and object detection models with a language module that models
relationship likelihood. Over the next few years, there have been quite a few approaches
for relationship detection [51, 10, 43, 41, 69], with increasingly sophisticated methodologies
to tackle the problem.

2.2.1 Visual Relationship Detection with Language Priors

The system proposed in [46] is one of the first successful attempts to use convolutional
networks in the field of relationship detection. In this work, the task is approached using

a visual and a language module.

In the visual module, an R-CNN network [20] extracts the regions of interest and two
VGG16 convolutional networks [61] classify the objects and their relationships. All possible
pairwise relationships are taken into account. Their bounding boxes are defined as the
union of the respective object and subject bounding boxes.

The language module uses word vectors [47] to project the objects in a word vector
space. It then projects the relationships in a new relationship vector space that represents
the way the objects interact. This module is trained to estimate the relationships likelihood,

enhancing overall system performance.

2.2.2 Scene Graph Generation by Iterative Message Passing

Our approach in scene graph generation has a lot in common with [69]. In this work,
scene graph generation is modeled as an iterative information exchange system among the

objects and their relationships. Its functionality is governed by the following equations:
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mf = Z ( [ht hf—m z—>j Z ht h;—ﬂ])h;—” (2.1)
Gri—rj Jij—ri

m§—>j =o(w [ht hi—m])ht + U(W2 [ht hf—m])hj (2.2)

h = GRU(m}), (2.3)

ML = GRU () 2.0

where h} and h_,; are the vectors that encode object i and relationship i — j, respectively,
o(-) is the sigmoid function, [-,-] denotes vector concatenation and GRU(-) is a Gated
Recurrent Unit [8].

In order to fully understand how this system works, the reader is referred to section 3.3

that formulates the definition and the functionality of a message passing neural network.

2.2.3 Scene Graphs at Cognitive Image Tasks

Scene graphs are a compact representation of an image’s semantic content that avoid the
ambiguity inherently present in text representations. Thus, scene graphs have been used
as an intermediate representation in cognitive tasks, such as visual question answering

[65], semantic image retrieval [32] and more recently in image generation [29].

2.3 Visual Genome Dataset

The creation of Visual Genome dataset [35] was a key factor for progress in the field
of scene graph generation. Visual Genome is intended to enable the study of computer
vision tasks beyond perceptive ones, such as object detection, to cognitive ones. The ability
to understand the semantic content of an image and to reason about the visual world
is necessary in many higher level tasks, such as relationship detection, visual question
answering and semantic image retrieval.

Visual Genome was created from the union of YFCC100M [66] and MS-COCO [44]
and contains more than 100,000 images with extensive object, relationship and attribute
annotations collected through crowdsourcing techniques. All descriptions are written in
free-form text and canonicalized to WordNet [48] synsets. Hence, Visual Genome contains
more than 75,000 object categories and more than 40,000 relationship and attribute cate-
gories. On average, every image is annotated by 35 objects, 26 attributes and 21 pairwise
relationships. Furthermore, every image is annotated by region graphs and captions, as
well as question-answer pairs and an image-level scene graph.

The following figures demonstrate indicative examples of images in Visual Genome
along with their metadata representation. Figure 2.1 shows an example of high level im-
age descriptions in Visual Genome. Every image is described by a number of localized

objects, their attributes and the relationships between them. These elements are combined
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to generate region graphs; a cognitive representation that is both human and computer
understandable, as well as region captions in natural language. Figure 2.2 demonstrates
the metadata descriptors by which images are represented in Visual Genome. Every im-
age contains local descriptors, such as region captions and region graphs. These graphs
compose a holistic image scene graph that fully describes an image. Finally, every image
is characterized by a set of question-answer pairs that are either free type, or are related

to a certain region of interest.

Llepnant that could carry peopile
Leaves on the ground

Huts on a hillside

A bush next to a river

A woman wearing a brown shirt

Girl feeding large elephant }—[girleeedingHelephant]

Woman wearing a purple dress

Tree near the water
A man wearing a hat

A handle of bananas

| A man taking a picture behind girl |—[man]—>[taking]—»[picture]

Glasses on the hair

Blue flip flop sandals
Small houses on the hillside > behind > glrl]

The nearby river

Elephant with carrier on its back

Two people near elephants

(a)

1 oreen

(b)

Figure 2.1: Examples of (a) region captions and region graphs and (b) holistic image scene
graph. Adapted from [38]. Best viewed in color
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Region Based Question Answers Free Form Question Answers
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Legend: C] Objects D Predicates

Figure 2.2: Image content representation in Visual Genome dataset. Adapted from [38].
Best viewed in color
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Chapter 3

System Modeling

3.1 System Modeling

As mentioned in section 1.2, our goal is to extract the scene graph G = (V, E, O, P) given
an input image Z, i.e. modeling the system P(G |Z).

In this work, we factorize the scene graph generation problem into three subproblems,
namely the object region generation problem, the relationship generation problem and the

graph classification problem. Thus, scene graph generation can be formulated as follows:

Object Region

Generation Graph Clasification
e - AN
PG|T)=P(V|I)P(E|V,I)P(O,P|V,E,I) 3.1
——

Relationship Generation

This factorization allows us to disentangle scene graph construction from scene graph
classification. The object region generation submodule P (V' |Z) is modeled using a convo-
lutional neural network and a region proposal network from a pre-existing object detection
pipeline. The relationship proposal submodule P (E|V,Z) is modeled throughout most
of the experiments by taking into account all possible connections/relationships among
the objects. However, the large number of potentially noisy proposals at test time can
deteriorate network performance. Apart from that, using all possible relationships can
prove to be a heavy computational bottleneck. Hence, in order to examine this hypothesis
and to test the importance of this submodule, we propose a relationship pruning network
that learns to prune unlikely relationships. Finally, the graph classification submodule
P(O,P|V,E.T) is modeled as an iterative information propagation scheme among the
connected graph elements, followed by two distinct object and relationship classification

components.

3.2 System Architecture

According to the aforementioned system modeling, we can form system architecture, which

is schematically represented at Figure 3.1.

11
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The input image 7 with dimensions H x W x 3 goes through a convolutional network
that outputs a convolutional feature map with dimensions H’ x W' x C'. An object region
proposal network receives this tensor as input and extracts Fp object regions, which through
a region pooling operation create the object tensor Py x H x W x C. Respectively, the
relationship tensor Pr x H x W x C is created by calculating the bounding box union for
every ordered combination of object regions except self connections.

The object and relationship tensors go through a number of fully connected layers that
transform them to the matrices Pp x Do and Pg X Dpg, respectively. These matrices are
the input to a message passing network that exchanges information according to graph
connections. The message passing network outputs the transformed matrices Pp x Dy, and
Pr x D}, that encode the collected information. Every encoded object and relationship goes

through a fully connected layer that computes the final scores and prediction probabilities.

PoxHxWxC _ PoxDo POXDb _ i was ]
. - -. - -. - _ ve;h‘
. . &
|1 L [ °l | ] 2
PN MPN
H'xW'xC ‘e ‘e
el = ._ = ._ e
1
P - PrxD / X
PrxHxWxC femR PR P

Figure 3.1: System Architecture. CININ: Convolutional Neural Network, PN: Proposal
Network, MPN: Message Passing Network

The usefulness of message passing neural networks boils down to the interactions
among the connected graph elements and the information exchange among graph vertices
and edges. This functionality is diametrically opposed to a system that classifies graph
elements in isolation from their neighbouring elements. Using a message passing network
results in a more complete graph classification, since each element is defined by its context

through an iterative refinement process.

3.3 Message Passing Neural Networks

Message passing neural networks [18] constitute an effort to group a family of neural
networks that focus on controlled information exchange among a set of connected graph
nodes, under a common mathematical framework. While the original work focuses on
solving quantum chemistry problems, message passing neural networks can be reformu-
lated and generalized to solve problems from different scientific fields, such as the field of
computer vision and more specifically in this work the problem of scene graph generation.

Inspired by this work, we reformulate message passing neural networks to tackle scene

graph generation, according to the following message propagation equations:
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mf}jl = Z Mf)out (hfm hf}ﬁ hizj) + Z M\t)m (hl;z’ hl;j’ hiji)’

;€ Noue (v;) v; €Ny (v;)
hott = Uy (RE,mb), (3.2)
mtéjjl = Mc‘f' (hiz’ h'tUj’ hiij)’
hetl = Ug (e, mett)

where 1! is the vector that encodes vertex (object) information v; at time step ¢, while he,,
the vector that encodes edge (relationship) information between vertices v; and v; at time

step t.

At time step t = 0, vertex and edge vectors h) and hgij respectively, constitute the
output of fully connected layers that precede the message passing network. Information
is being exchanged for T steps. Information propagation in a message passing network is

abstractly represented in Figure 3.2.

0 1 1 . T-—1 T T
hy > m, 1 h, hy =" = m, — h

0 1 1 . T-1 T T
he —> m, > he h’e — m; > he

Figure 3.2: Message Passing Neural Network

The creation of a message passing neural network model can be achieved through
M}, and M} that define the ways in which the model

collects information from its neighbouring nodes and the functions U}, and U{ that define

specifying the functions MY, ,, M,

the ways in which vertices and edges reevaluate their encoded information. In their most

general form, these functions are parameterized and differentiable.

In the following subsections we present the models that we experimented on within
the context of this work. We note that in some cases, the functions M},,,, and M{,,
are concatenated to MJ,(h, B, hi_,hi ), while vector mi*' is defined as the sum of all
neighbouring region messages; these models treat incoming and outgoing relationships in

the same manner.

3.3.1 Molecular Graph Convolutions

This formulation is based on [34]. It is determined by the following message and update

functions:
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MVout( ;0 v]7 e”)

6”

Uy (kL mt) = p ( p(Woht,), ﬂ),
(3.3)
M( vy vja e ): < hizvhij]>
Ue(ht, i) = p(Wa[p(Wsnt ), me )
where p(-) is the rectified linear unit (ReLU) and [, -] represents vector concatenation.

An altered version of the previous formulation that we experimented on, in order for
the objects to collect more information is as follows:

w0 ).
W, ht B D

v ey

MVOM( v;) vja e” =p
MVin(

;0 'uv eZ

U (ht t+1

W, ht b ])

v; 7 Yvj

(

)=

)= p(Wi [p(Wont,),mi]). (3.4)
Me (b, by, be,,) = p(

)=

Ug (ht t—‘rl

€ij’ elJ

W4 p(Wshe,),m 2:1])

3.3.2 Gated Graph Neural Network

This formulation is based on [42]. Its functionality is governed by the following functions:

My, B B B, >—p(w7 [p(WGh;),p(w5 o (Wan. }),p(m[hs,h;})})]),

U (ht t+1) GRU( t+1)

M (hi 7h1;1’ hte”) = p(WQ [p(Wthij)’P<W1 [hi N })}),
Ue (ht t+1) GRU(m t+1)
(3.5)

where GRU(+) is the Gated Recurrent Unit [&].

A modified version that we experimented on was to replace the initial relationship
bounding boxes and their feature extraction, therefore, with the concatenated relationship
subject and object features. These features are the output of fully connected layers and
their conversion to relationship features is accomplished via a fully connected layer that
transforms them to the desired dimensions. Using message passing network notation,
relationship vectors hgij are defined as follows:
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v;? Uy

w2, = p(Wns,.n]) (3.6)

We also experimented on a second modification, orthogonal to the first one, that aims
at simplifying the initial formulation without reducing neither its efficacy nor its efficiency.

It is defined as follows:

M0t 1 1) = p (W (Wi ] ) o (W 1t )] )

Uy (i, t“) = GRU(my[), (3.7)
Mf(vv v’ ):P< |:'U7h£”7hf):|)
Ug (he,;»mey)') = GRU(m)

3.4 Graph Convolutional Networks

Graph convolutional networks [36] are a reformulated version of convolutional neural
networks that operate on graph structured data. Information in a multilayer graph con-
volutional network is propagated according to the following rule:

Hﬁ+w::p(b—égb—%ﬂvnvug, (3.8)

where A = A+ Iy is the square adjacency matrix of graph G with added self-loops though
the identity matrix Iy and D the diagonal degree matrix of the matrix A with elements
Di =, Ay,

This formulation, albeit effective in many problem types, does not treat graph edges
as entities and as such, is not directly suitable to the problem of relationship detection
and scene graph generation. Thus, we model graph edges as vertices, which results in
creating a new bipartite graph with two types of vertices; those who represent objects
and can potentially be connected to an arbitrarily large number of vertices and those who
represent relationships and can only be connected to their corresponding subject and object.

Furthermore, the initial formulation is restricted to undirected graphs, whilst image
scene graphs are directed graphs. However, the triad subject — predicate — object direction-
ality is predetermined and known a priori. Apart from that, the implied bidirectionality
in an undirected graph allows messages to propagate to distant graph nodes and to collect
more information from neighbouring nodes. Hence, the adjacency matrix was modeled as
a symmetric bipartite adjacency matrix of an undirected graph.

Figure 3.3 shows the adjacency matrix A of a “complete” graph, within the allowed
connections. Adjacency matrix’s dimensions are N? x N?, since it is comprised from N

objects and R = N (N —1) relationships that model the interactions of each and every one of
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the N objects with the remaining N — 1 objects. The adjacency matrix is a bipartite matrix
that is composed of square zero matrices on its main diagonal and of non-zero matrices
on the off-diagonal parts. This is due to the fact that there is no direct communication
between two objects or two relationships. The only types of communication allowed are
those between a subject and a predicate and between a predicate and an object. The
adjacency matrix is also a symmetric matrix, as noted in the previous paragraph. Finally,
non-zero matrix elements in the off-diagonal parts come from the fact that relationships
are serially defined between object pairs; the first N —1 relationships model the interactions
between the first object and the remaining N — 1, the next N — 1 relationships model the

interactions between the second object and the remaining N — 1 and so on.

In_1

N R=N(N—1)
[ 1---1 ]
E 1..-1
N 0 N1 Iy
E 1---1
1.--1
B e CELES
oIy : N—1
1 I
1 :
Co
R | 0
1
L

e

1

Figure 3.3: Graph Convolutional Network Adjacency Matrix

3.4.1 Formulation as a Message Passing Neural Network

Graph convolutional networks can also be described as message passing neural networks.
By modeling graph relationships as vertices, we get the following mathematical formulation
for a graph convolutional network, where the term v; is used to describe the objects as

well as the relationships in an image:
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mith = Y My(l, b)),

v; EN (vs)U{v; }

My (B, b)) = (deg(vi)deg(v;)) b,

v U

Uy, (RL,,mi) = p(Wi'mlth)

Ch)

(3.9)

3.5 Relationship Pruning Network

The relationship pruning network is a simple implementation of the relationship generation
submodule and was created to test how relationship quality affects overall system perfor-
mance. This network operates on the full set of relationships between objects. Hence, its
application follows object region generation and the initial relationship generation, whilst
its output becomes the relationship input to the message passing network. The network
prunes relationships only once and is not applied iteratively to the encoded message pass-
ing network relationships.
Relationship hgij is pruned on the following condition:

U(Wg[ho R hY]) < 0.5

R Ty R

where w, the (trainable) vector that scores relationships and o(-) the logistic function.



18 Chapter 3. System Modeling




Chapter 4

Experimental Procedure

4.1 Visual Genome Dataset

The dataset we chose to train and evaluate our models is Visual Genome [38]. Visual
Genome (version 1.4) contains 108,077 images and every image is annotated on average
with 23.28 objects and 21.43 relationships. The crowdsourcing techniques used to create
Visual Genome, whilst effective at annotating a large number of images extensively, suffer
from a few drawbacks. First of all, a large number of objects is localized poorly; bounding
boxes are either too tight and cut off essential parts or too relaxed and contain background
noise. Secondly, there exist a lot of highly overlapping bounding boxes that characterize
the same object. Finally, using freeform text results in multiple names describing objects
and relationships, some of which are the same words but written in a different way (e.g.
using capital letters or unnecessary punctuation).

For the aforementioned reasons, we perform a metadata preprocessing step that in-
cludes object bounding boxes as well as object and relationship labels. More specifically,
entity labels were stemmed, after removing punctuation and non-grammatical characters
and converting the letters to lowercase. We chose the 150 most frequent objects and the
50 most frequent predicates as our object and predicate classes. Furthermore, we merged
highly overlapping bounding boxes and removed very small boxes. Finally, we removed
from the dataset all images that contain no relationships, since model evaluation is per-
formed using relationships.

The resulting dataset is comprised of 84,085 images, which account for 77.8% of the
original dataset. Every image contains an average of 12.1 objects and 4.56 relationships.
The data split in train, validation and test sets was performed using random sampling to
avoid semantic correlations among neighbouring images. Finally, the dataset was split in
60%/10%/30% train/validation/test sets.

The train and validation sets were augmented using mirror images. Thus, these splits
effectively doubled in size, resulting in 100,794 train images and 16,948 validation images.
Cumulatively, this results in 117,742 images.

The object and relationship frequencies in the dataset present some interesting char-

19



20 Chapter 4. Experimental Procedure

acteristics. Figure 4.1 demonstrates the large tails in object and relationship frequencies.
Figure 4.2 shows the objects and predicates distribution in the three data splits, where
the even split among them is visually clear. On the contrary, Figure 4.3 shows the entity
distributions using serial data splits. As one can notice, there are quite a few instances of
noticeable deviations among the three splits, which justifies the choice to sample the three

splits.
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Figure 4.2: Object and Predicate Distribution

4.2 Training

We follow an image-centric mini-batch sampling strategy, similar to the one used in Faster
R-CNN [56]. More specifically, each mini-batch is comprised of 1-2 images and 256 regions
of interest, a combination of groundtruth regions and proposed regions from the region
proposal network.

We use an MS COCO pretrained VGG-16 [61] convolutional neural network from the
Faster R-CNN pipeline to extract visual features from images. We use this model in all of

our experiments, unless stated otherwise, in order to better compare model performance.
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Figure 4.3: Unshuffled dataset Object and Predicate Distribution

Features from regions of interest are extracted using Rol Align [23]. The same algo-
rithm is used to extract features from potential relationships. Relationship bounding boxes
are defined as the union of the subject and object bounding boxes.

We experimented on the number of iterations in the message passing layers as well as
their output dimensions. The number of iterations varies from 1 to 3, while the output

dimensions vary from 256 to 1024, with a default value of 512.

The models were trained using Stochastic Gradient Descent with standard backprop-
agation. We experimented on a variety of optimization algorithms, including Momentum
[52] and Nesterov Accelerated Gradient [49, 50, 63], as well as RMSProp [67] and Adam
[35]. We used He initialization [25] to initialize the weights with ReLU activations and
Glorot initialization [21] to initialize the remaining weights. Finally, we freeze the convo-
lutional layer weights throughout all of our experiments. We used L, regularization and

Dropout [62] on fully-connected layers.

Hyperparameter optimization was performed through manual hyperparameter tuning

combined with random hyperparameter search [%].

4.2.1 Mini-batch Sampling Strategy

During training we extract 2,000 regions of interest from every image from the set of
proposals made by the region proposal network using non-maximum suppression. For
every region we calculate its maximum overlap with the groundtruth regions, as well as
the corresponding object. Regions with an overlap higher than 0.5 are used in bounding

box regression. Hence, we calculate the following bounding box transformation, according
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to [20]:
ty = (9y — py)/Pn (4.1)
ty = ln(gw/pw)
tn = In(gn/pn)

where:

{tz,t,,tw, tn} = the regression target,
{pz» Dy, Pw, Pr} = the proposed region bounding box,
{92, 9y» 9w, gr} = the groundtruth bounding box,

expressed in center coordinates (z,y) and box dimensions (w, h).

Next, we augment the set of relationships by replacing all groundtruth subjects and
objects with the regions of interest with an overlap greater than 0.5. We then sample
relationships until we have 128 regions. If we run out of relationships, we sample regions
that belong to no relationships. Furthermore, we sample 128 background relationships.
Finally, if the desired number of regions has not been attained yet, we fill the remaining

ones with background regions.

4.2.2 Loss Functions

We use two cross-entropy loss functions for the object and predicate losses and a Huber
loss function (smooth L1) for the bounding box offsets. In most experiments, predicate
classification do not take true negative relationships into account. Respectively, bounding

box regression ignores true negative boxes.

No Co

Eobj = - Z Z Yic lnpic (42)

=1 c=0
Np Cp

*Cpred = - Z Z Yic In Dic (43)

i=1 =1
0.522, if |z] <§
d(Jx] —0.59), otherwise

No Co

Ebbox = Z Z Yic Z ‘CH(tib - dicb; 0= ]-) (45)

i=1 c=1 beB

where y;. is the value of the one-hot encoding vector y; for object/predicate i and class c,
pic is the probability for the object/predicate ¢ and class c, t;; is the regression target for
object 7, as defined in Equation 4.1, d, is the predicted bounding box offset for the object
i and class ¢, B = {z,y,w,h}, No and Np is the number of objects and predicates in the

mini-batch, respectively, and finally, Cp and Cp are the object and predicate classes.
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The total loss in every iteration is calculated by the weighted sum of the individual

losses plus the regularization loss L,.,.
£total = Wopj * Eobj + Wpred * 'Cp'red + Whboz Lbb0$ + A L'reg (46)

In most experiments, the weight coefficients are equal to 1.
In the experiments conducted with the addition of a relationship pruning network, we

use an additional binary log-loss function, defined as follows:

Np

Lorune = — Z (yi Inp; + (1 —y;) In(1 — pl)) (4.7)

i=1

where y; is a binary variable that represents the existence of a groundtruth relationship
and p; is the predicted probability for that relationship.

4.3 Evaluation

At evaluation time, we used non-maximum suppression to select 50 regions of interest

from the set of proposals. We made predictions on all object pairs, except self-connections.

4.3.1 Evaluation Metrics

The metric of choice for visual relationship detection is RQFk (recall at k) [2, 46] and more
specifically RQ [k, IoU = 0.5], since it accurately reflects the quality of a system. This metric
computes the fraction of times the correct relationship is predicted in the top k confident
relationship predictions, while simultaneously the predicted subject and object bounding
boxes have an IoU (intersection over union) ratio with their respective grundtruth boxes
greater than 0.5. The chosen values for k are 20, 50 and 100.

4.3.2 Evaluation Tasks

The trained models were evaluated at three evaluation tasks of increasing difficulty, ac-
cording to [46, 69]. Despite the fact that the main evaluation task is the final task, all tasks
provide useful insight and help to further understand the problem, by adding abstraction
layers and removing limitations of the current architecture.

The first evaluation task is predicate classification. In this task, the input is an image
and the set of localized objects in it. Our aim is to correctly classify the predicates that
connect object pairs.

The second evaluation task is scene graph classification. In this task, the input is
an image and a set of bounding boxes. Our aim is to classify the objects as well as the

predicates that connect ordered object pairs.
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The third evaluation task is scene graph detection. In this task, the input is just an
image and our aim is to detect all triplets of the form (subject, predicate, object) that exist
in it, along with the accurate localization of all relationship subjects and objects.

The inputs and outputs for the three evaluation tasks are presented schematically in

Figure 4.4.

Predicate Classification Scene Graph Classification Scene Graph Detection

Figure 4.4: Evaluation Tasks Visual Representation

4.4 Implementation Details

This work was implemented in Python 2.7 using TensorFlow [!], software version 1.5.
Both the training and the evaluation process were performed using two computers from
the university server of the Multimedia Understanding Group. Their specifications can be

summarized as follows:

e System #1

— CPU: Intel® Xeon® E5335 (2.00 GHz)
— RAM: 7,972 MiB
— GPU: Nvidia® GeForce® GTX 780 (6,144 MiB)

e System #2

— CPU: Intel® Xeon® E5-2650 v3 (2.30 GHz)
— RAM: 64,510 MiB
— GPU: Nvidia® Tesla® K40c (12,288 MiB)
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Results

5.1 Results Overview

The models were trained on the train set and evaluated on the validation set. Afterwards,
we retrained the best models on the combined trainval set and evaluated them frequently
on the validation set. Finally, when the models reached their optimal performance, we
evaluated them on the test set.

The Gated Graph Neural Network (subsection 3.3.2) family model that had the best
performance is the one described in Equation 3.7. The model reached is highest perfor-

mance at 102,871 iterations. The optimal hyperparameters are presented in List 5.1.

Training Hyperpameters:
Optimization Algorithm: Momentum
Optimization Algorithm Parameters:
momentum: 0.9
Learning Rate: 1073
Learning Rate Step Decay Period: 1 epoch (58,871 iterations)

Network Hyperparameters:

Message Passing Neural Network Iterations: 1

Regularization Strength: 0.0

Ignore Background Relationship Loss: True

Message Passing Neural Network vertex vector dimensions: 512

Message Passing Neural Network edge vector dimensions: 512

List 5.1: Optimal Message Passing Neural Network Hyperparameters

The optimal hyperparameters for the graph convolutional network are presented in
List 5.2. The network reached its highest performance after 235,484 iterations.

25



26 Chapter 5. Results

Training Hyperpameters:

Optimization Algorithm: Momentum

Optimization Algorithm Parameters:

momentum: 0.9

Learning Rate: 1073

Learning Rate Step Decay Period: 2 epochs (117,742 iterations)
Network Hyperparameters:

Graph Convolutional Network Iterations: 2

Regularization Strength: 0.0

Ignore Background Relationship Loss: False

Graph Convolutional Network vertex & edge dimensions: 512

List 5.2: Optimal Graph Convolutional Network Hyperparameters

Molecular Graph Convolutions (subsection 3.3.1) family models did not reach any good
performance and are thus not presented in the results table.

Table 5.1 summarizes the performance of the models stated above, along with the
models [46] and [69]. For these two models, we present both the original results, as these
are published in the respective works, as well as their retrained versions according to our
own experimental procedure, for a more meaningful comparison.

We only present the visual part of [46], since the language part is an orthogonal
approach and can be independently added to our system. The visual system in [40]

is equal to our system without the addition of a message passing component.

Predicate Scene Graph Scene Graph
Classification Classification Detection
Model R@20 RQ@Q50 RQ@100 R@20 R@50 RQI00 R@20 R@50 RQ@100
VRD? [46] - 1.58 1.85 — — - - 7.11 7.11
IMP [69] — 44.75 53.08 — 21.72 24.38 — 3.44 4.24

VRD¥ [46] 18.97 29.78 37.74 6.64 9.78 1195 0.06 0.14 0.27
IMP! [69]  29.91 44.36  53.92 14.69 19.56 2242 1.65 2.51 3.34
GGNN 32.65 46.83 5591 14.98 19.83 2265 183 275 3.60
GCN 3294 43.18 4823 13.06 16.12 17.72 1.76 257  3.21

Table 5.1: Evaluation Results at Visual Genome dataset [38]. {: Visual Model, {: Imple-
mentation according to [69] and retraining according to our experimental procedure

Table 5.1 shows the importance of adding a message passing network, as it significatly
boosts network performance in all evaluation tasks. Both GCN and GGNN networks score

ten times better in scene graph detection task, while the performance gain in the remaining
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two tasks is more than 50%. The GGNN network scores higher than the IMP network
[69] across all evaluation tasks. The difference is quite clear in predicate classification and
scene graph detection, with performance gains ranging from 3.55 to 8.39% and 7.22 to
9.83%, respectively. Finally, the GGNN network has greater performance than the GCN

network based on almost every evaluation metric.

5.1.1 Results with the addition of a Relationship Pruning Network

The GGNN network that achieved the highest performance was retrained with the ad-
dition of a relationship pruning network presented in section 3.5, in order to test the
usefulness of a relationship generation submodule versus using all possible relationships.
This model was trained without searching for the optimal hyperparameters. Instead, we
mostly used the same hyperparameters as the original GGNN. However, we opted not to
ignore background relationship losses. Hence, the chosen hyperparameters are presented
in List 5.3.

Training Hyperpameters:
Optimization Algorithm: Momentum
Optimization Algorithm Parameters:
momentum: 0.9
Learning Rate: 1073

Learning Rate Step Decay Period: 1 epoch (58,871 iterations)
Network Hyperparameters:

Message Passing Neural Network Iterations: 1

Regularization Strength: 0.0

Ignore Background Relationship Loss: False

Message Passing Neural Network vertex vector dimensions: 512

Message Passing Neural Network edge vector dimensions: 512

List 5.3: Optimal Message Passing Neural Network Hyperparameters with the addition of
a relationship pruning network

Table 5.2 summarizes the performance of the new network, abbreviated as GGNN+,
compared to its original version.

The GGNN+ network is superior in all evaluation tasks and based on all metrics except
R@100 metric in predicate classication and scene graph classification. The performance
gain is significant in all tasks when using R@20, and especially so in the scene graph

detection task, where we observe an 86% performance gain.
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Predicate Scene Graph Scene Graph
Classification Classification

Detection

Model R@20 R@Q50 RQI100 R@20 R@50 RQ@Q100 RQ@20 RQ50 RQI100
GGNN 3265 46.83 5591 1498 19.83 22.65 1.83 2.75
GGNN+ 44.12 48.71 49.56 19.62 21.01 21.22 3.42

3.60
4.61 5.35

Table 5.2: Evaluation Results with the addition of a relationship pruning network
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Conclusions & Future Work

The evaluation of the systems implemented in the context of this work provides valuable
insights regarding the functionality and the usefulness of message passing in visual scene
graph generation. Based on these insights as well as the knowledge obtained during this

work, we propose future extensions to further enhance system performance.

6.1 Conclusions

In this work, we model scene graph generation using three discrete submodules, the ob-
ject region generation submodule, the relationship generation submodule and the scene
graph detection submodule, emphasizing our experiments on the third submodule using
a message passing neural network. Based on our experiments, we can safely say that the
addition of such a network greatly boosts network performance, as it allows contextual
information to propagate among objects and their relationships. Both the GGNN network
and the GCN network improve upon the VRD baseline [46].

The addition of a relationship pruning network, while not studied thoroughly, seems to
greatly enhance system performance. This is attributed to the robustness of the collected
information, since the message routing is performed through a controlled propagation
scheme and not towards all directions.

Despite that, even without the addition of relationship pruning network, the models
manage to control the abundance of messages and the nodes learn to keep only the valuable
information to update their internal representation. We hypothesize that this is due to the
fact that even unconnected object pairs can contain meaningful contextual information

about one another.

6.2 Future Work

The importance of the object region generation submodule in the overall system perfor-
mance was hardly investigated. However, since it is the first submodule in our pipeline,

its poor performance can hinder the consecutive modules’ performance. Therefore, we
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propose retraining/finetuning the convolutional layers. Furthermore, using a higher qual-
ity object detection model can also greatly boost performance. As an example, we note
Resnet-101 Faster R-CNN [24].

The relationship pruning network that was implemented in this work constitutes a
strong indication on the importance of the relationship generation submodule. We suggest
further experimentation on more elaborate relationship generation submodules. The im-
plemented submodule could either prune relationships or propose them from scratch. We
hypothesize that graph convolutional networks can also benefit from the existence of such
a submodule, since their architecture originally targets semi-supervised learning problems,
in which part of the groundtruth graph connections are known a priori.

As we discussed in section 4.3, the chosen evaluation metric is RQk. Despite the
fact that this metric is a robust evaluation measure, it suffers from a major drawback; it
does not compute the recall values for each class independently as a mean-average recall
(mAR) metric would. Taking into account the fact that the predicate distribution is heavily
skewed, RQF allows the network to perform poorly in rare predicate classes without having
a degraded performance, as long as it performs well in frequent predicate classes.

Hence, we propose the usage of a mean-average recall at k (mARQk) metric or a
modified mean-average precision (mAP) metric, such as the one used in Open Images
[37] Visual Relationship Detection. This metric is a modified version of mAP@0.5 used in
PASCAL VOC, in which we modify the definition of a false positive to ignore the cases that a
predicted relationship does not appear in the groundtruth relationships of an image. Thus,
it efficiently solves the problem that unidentified relationships can get falsely penalized, all
while removing the drawback that RQk has. Needless to say, one can use these metrics

complementary to one another, using a weighted sum evaluation scheme.



Appendix A

Notation Conventions

Formula Description

o(+) Sigmoid function

p() Rectified Linear Unit

© Hadamard Product Operator

B Vector concatenation

W Weight Vector
W Weight Matrix

Table A.1: Mathematical Formulae & Notation Conventions
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