SEMI-SUPERVISED LEARNING FOR

VISUAL RELATION ANNOTATION

TN NANYANG
- TECHNOLOGICAL
UNIVERSITY

SINGAPORE

MITRA TAJROBEHKAR

School of Computer Science and Engineering

A thesis submitted to the Nanyang Technological University
in partial fulfillment of the requirements for the degree of

Doctor of Philosophy

2022


http://www.ntu.edu.sg
http://www.eee.ntu.edu.sg




Statement of Originality

I hereby certify that the work embodied in this thesis is the result
of original research, is free of plagiarised materials, and has not been

submitted for a higher degree to any other University or Institution.

11/01/2022

Date MITRA TAJROBEHKAR






Supervisor Declaration Statement

I have reviewed the content and presentation style of this thesis and
declare it is free of plagiarism and of sufficient grammatical clarity
to be examined. To the best of my knowledge, the research and
writing are those of the candidate except as acknowledged in the
Author Attribution Statement. I confirm that the investigations were
conducted in accord with the ethics policies and integrity standards
of Nanyang Technological University and that the research data are

presented honestly and without prejudice.

11/01/2022

Date Adjunct Prof. Joo-Hwee Lim






Authorship Attribution Statement

This thesis contains material from 1 paper published in the following

journal

Chapter 3 is published as Mitra Tajrobehkar, Kaihua Tang, Hanwang Zhang, Joo-
Hwee Lim. “Align R-CNN: A Pairwise Head Network for Visual Relationship
Detection,” IEEE Transactions on Multimedia, vol. 24, pp. 1266-1276, 2022.

11/01/2022

Date MITRA TAJROBEHKAR






Acknowledgements

Through my four-year PhD, I have come to realize that each person I talked with,
worked with, met with has changed the trajectory of my life. First of all, I would
like to express my sincere gratitude to my supervisors Professor Joo-Hwee Lim and
Professor Hanwang Zhang that I was very fortunate to pursue my PhD under their
supervisions. Beyond the detailed suggestions they both have given to my research,
they have also given me much valuable advice, for my professional career and my

outlook on life.

I would also like to thank Professor Shijian Lu, for his advice during my first year of
my PhD. I would like to thank to my committee members Professor Cuntai Guan,

and Dr. Liyuan Li for theirs comments on my research progress on TAC meetings.

I am also grateful to all my colleagues, especially Dr. Kaihua Tang, Dr. Yulei Niu,
and Dr. Long Chen from MReal. group and Dr. Hongyuan Zhu and Dr. Hui Li

from I2r.

This doctoral dissertation would not have been possible without funding from the
Agency for Science, Technology and Research (A*STAR, Singapore). I would like
to acknowledge School of Computer Science and Engineering, NTU for providing

a wide range of valuable resources.

Finally and most importantly, I would like to thank my parents and my brother,
who always provide me with their strong support from Iran. I really appreciate your
love and effort to bring me up to be a better individual. This thesis is dedicated

to you.

Mitra Tajrobehkar, January 2022

X






Abstract

Due to the powerful ability to learn low-level and high-level general visual features,
deep neural networks (DNNs) have been used as the basic structure in many CV
applications such as object detection, semantic segmentation, relation detection
and annotation, etc. While most of the research focuses are on maximizing over-
all performance during training a machine learning model, not much attention
is given to evaluate the robustness i.e. against visual content manipulation, until
very recent years. Lack of model robustness especially with respect to consistency
and discrimination can be due to various reasons, e.g. data distributions, inade-
quacy in learning process, model sensitivity to different regions of feature space,
etc.  Discrimination refers to the model capability of predictions to distinguish
between individual class samples, while consistency refers to the model capability

of predictions to remain stable despite input variations.

To address these challenges, the central focus of this thesis is on representation
learning — for two most challenging Computer Vision (CV) tasks: Scene Graph Gen-
eration (SGG), and Visual Question Answering (VQA). For the first research direc-
tion, we propose a novel head network to tackle the problem of non-discrimination
by learning semantic pairwise feature representation. The second research direc-
tion addresses the model instability by generating better representation. Through
a consensus model, common feature representations that are reasoned from vari-
ous samples are learned to increase the robustness of consensus. In summary, the

major contributions of this thesis are as follows:

e We propose a meta-architecture — learning-to-align —, called ALIGN
R-CNN;, for dynamic object feature concatenation to deal with visual reasoning
task. Taking scene graph generation as an example, humans learn to describe vi-
sual relationships between objects, semantically (e.g., riding behind, sitting

on). We propose a semantic transformation that parses an input image into

xi
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<subject-relation-object> triplet and then extracts visually grounded se-
mantic features by re-aligning features of subject from its relative object and
relation. We argues that the previous works are highly limited by naive concate-
nation and as a result, they fail to discriminate between riding and feeding
for object pair of person and horse. Moreover, naive concatenated pairwise
features may collapse less frequent but meaningful predicate e.g., sitting on
into more frequent but meaningless one e.g., on. Compared with existing model
relation representations that utilize scene graphs to connect the objects, the pro-
posed ALIGN R-CNN has two key advantages: 1) maintains a good representa-
tions during training while removing the irrelevant features from the objects; 2)
dynamic learning, that enables model deals with different pairs. These advan-
tages prevent the proposed ALIGN R-CNN from over-fitting with the biased
dataset. Note that the proposed framework can be utilized in a community

which seeks zero-shot predictions.

We propose a framework to enhance model consistency by generating
desirable feature consistency. This line of research addresses lack of VQA models
that measure the robustness of consensus against linguistic variations in ques-
tions. For instance, while reference question “How many cars in picture?”
and its syntactic one “How many automobiles are there?” are semantically
identical in meaning, model may predict an incorrect answer for syntactic one.
Besides, the model should be powerful enough to predict the right answer for
“How many red cars seen in picture?’ Inspired from unsupervised feature
representation learning, we use contrastive learning, which sufficiently learns
better representation from both vision and language inputs. However, we ar-
gue that training the model with naive contrastive learning framework that
using random intra-class and random non-target sequences as positive and neg-
ative examples is sub-optimal. Thus, it may not boost the model performance
on robust VQA benchmark. The proposed method dedicates a principal head
network to generate positive and negative samples for contrastive learning by
adding adversarial perturbations. Specifically, it generates hard positive samples
by adding large perturbations to both input images and questions to maximize
the conditional likelihood. The proposed framework has two key advantages:
1) the generative model from embedding representation offers rich information

to increase model stability; 2) by exploring the effects of single modalities and
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multi-modal attacks, the model mitigates correlation between the bias and the

learned features.
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Chapter 1

Introduction

1.1 Motivation

Several decades of Artificial Intelligence (AI) and Machine Learning (ML) research
have led to significant advances in computer vision (CV), natural language pro-
cessing (NLP), automated reasoning, and etc.

In the last few years, Al has shown significant progress by emulating human-like
reasoning in some tasks [12, 13] by learning from data labels (supervised Learning).
In particular, by inventing modern neural networks, computer vision based appli-
cations, e.g., CNN-based image classification models [14-16], have outperformed
human performances. Some other tasks like object detection [17-19] and image

segmentation [20], have also shown significant success.

Although rapid improvements have been achieved in visual tasks at all levels, there
is still a long way to go. Former studies point out a semantic gap between learning
image feature representation by machines and human visual understanding mech-
anisms. Hence, a core goal in vision science is to understand what features the
human visual system uses to process complex visual scenes. According to cognitive
neuroscience research [21-23], the brain cognitive system is able to discriminate
between entities by finding dissimilarities between their e.g. appearances via a
hierarchical process that makes high-level representations from the observations.
Deep learning, also known as representation-based learning [24], is a particular ap-
proach to machine learning that is gaining popularity due to its ability to capture

hierarchy of representations. For this reason, former studies like [12, 13, 25-27]

1



2 1.1. Motivation

(b)

FIGURE 1.1: Question Type Distribution in VQA v2.0 dataset in (a) train
(b) test set

have focused on reducing the semantic gap based on reasoning and learning rich

and informative feature representation.

The extraction and synthesis of such representations (rich information) from a
multi-dimensional data space requires the use of a mechanism that is to facili-
tate decision making. Especially, in more challenging vision-based tasks that need
semantic feature understanding from complex or multi-modal inputs, effective rep-
resentation of information are still bottlenecks. Most modern vision applications
involve more than one modality (e.g. visual and textual modalities), such as embod-
ied question answering, vision and language navigation, etc. Therefore, it is crucial
to learn more complicated and cross-modal information from different modalities
and data distributions, where deep multi-modal learning will be needed. A se-
ries of previous works [12, 13, 25-27|, have built a structured representation that
captures comprehensive semantic knowledge is a crucial step towards a deeper un-
derstanding of input scenes. Such representation cannot only offer contextual cues
for fundamental recognition challenges, but also provide a promising alternative to
high-level intelligence vision tasks. From another aspect, the key challenge is to
extract visual attributes from one or more data modalities by learning how to fuse
the extracted features into a common representation space, which is referred to as

representation learning.

Moreover, the significant progress under deep neural network (DNN) models shows
that the high performance in algorithms is limited by the lack of similar distribution
between the training dataset and the testing set [28]. For instant, Figure. 1.1

displays non-uniform and long-tailed data distributions for a challenging task such
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as visual question answering, over question modality. Some question types like
“who is” are more common in training set than in test set (imbalance dataset
distribution). Moreover, some questions like “what is”, “what color of” are
extremely frequent, while some like “is she”, “how much” are very few (long-tail).
Also, in visual relation annotation task, recalling frequent annotation “riding” for
“human” and “horse” (rather than “human- sitting on- horse”) for the long-
tailed data distribution [10] is easily predicted. Since parameters are tuned by data
during the learning process, even very deep neural networks are aligned to the most
frequent samples in the training set, and it is dissimilar to a human-like reasoning

system.

To tackle the aforementioned problem that is caused by dissimilarity in data dis-
tributions (DDD), a series of efficient works have been attempted to deal with
the output instability of DNNs by utilizing either robust learning techniques or
unbiased feature representations. Semi-supervised learning (SSL) aims to learn an
unbiased model with a limited number of labeled samples. Due to the dissimilarity
in data distributions, interest in training neural networks using semi-supervised
methods has increased [29-31]. Note that the terms ” Robustness” or ” Instability”
of DNNs refer to the tackling of bias prediction problem. However, for different
tasks Robustness may deal with different limitations. For example, robustness can

also refer to the model’s ability to deal with attack [32] or external noise.

This dissertation addresses the overfitting issue from a representation learning per-
spective for two challenging tasks: Scene Graph Generation and Visual Question
Answering that need deeper-level of understandings. we denote the “high-level”
representation as unbiased feature representation and categorize it into discrimina-
tive and consistent representations. Discrimination helps the model to distinguish
between different classes, while consistency allows the model to be stable within
the same classes. Besides, this thesis focuses on high-level feature representations
learning — for single and multi-modal CV tasks— therefore Deep Neural Networks

will be our main use case in this thesis (Section. 1.2).

In the next section we review deep networks models we have used in this thesis.
We then proceed in Section to provide an overview of the representation learning

and outline a number of challenges in deep representation learning.



4 1.2. Deep Neural Networks

1.2 Deep Neural Networks

The intuitive concept of neural networks (NNs) refers to simple connected nodes
(neurons), each producing a sequence of activations. Nodes are activated by their
inputs based on the weights that belong to their connections. Hence, these weights
are then associated with each connection together with input, and give the node
activation.

In modern neural networks, introduced by Schmidhuber [33], nodes are organized
into multiple (deeper) layers. For each layer, a non-linear transformation applies to
that layer’s input, which is associated with weights from previous connections. For
example, each node in layer ¢ is connected to all nodes in layer ¢ — 1. Notably, the
term of “depth” refers to the multi-layer dedicated to non-linear transformations’
layers in each DNN. The node activation provides feature representation of the
input data, where each transformation leads towards better representation learning
and attains the desired output [34]. In the literature, deep neural network models
often divided into two types: multi-layer perceptrons (MLPs) and convolutional
neural networks (ConvNets). MLP takes as input an observation x and passes it
through a series of layers. The input to each layer 7, gets pre-multiplied by a matrix

of learnable weights ;. Finally, a nonlinear activation function a; is applied.

filx) = a;(Wi. fioi () + bi)
(1.1)
J1(z) = (Wr.fra(x) + br)

fr denotes the feature representation for input x.

ConvNets are extensions of MLPs whose inputs are generally multi-dimensional.
Each layer of ConvNets contains three components as convolutions, nonlinear, and
pooling. Hence, the extension from MLP in Equation.1.1 to ConvNets is demon-

strated in Equation.1.2.
filx) = cila;(Wi Ei(fi-1(x)) + bi]))
(1.2)
f[(l’) = W[.fffl(x) -+ b[]I

where I is a vector of 1’s of input dimension of each layer. A common nonlinear

function is the ReLU, mentioned as a. ¢ denotes a pooling function (i.e.max pooling
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and average pooling). Furthermore, each row of W is often called a filter. Each

row of f is called a feature map or a channel.

In contrast with traditional NNs, DNN-based computer vision systems, by over-
coming the limitations of manual feature reasoning (e.g., [19, 25, 35, 36]), have
achieved remarkable progress. More importantly, they could learn representations
that are useful for further tasks (e.g., [24, 37]).

1.3 Representation Learning

Representation learning refers to the process of learning a parametric mapping
from the raw input data domain to a feature vector or tensor. The process tries
to capture related and useful concepts that can improve performance on a range
of downstream tasks. One of the key ingredients for the success of deep learning is
the ability to learn and extract through deep layers, some useful features from raw
data. To date, varies deep learning techniques have been applied to learn semantic

features.

In the literature, approaches to learning representations of data are often divided
into two main categories: generative or discriminative modelling. Discriminative
approaches learn representations by directly modelling the conditional distribution
p(y|z) with a parameterised model that takes the data sample x as an input while
providing the label variable y as output. In contrast, generative approaches do not
include labels y and learn representations by modelling the data distribution p(x).
It is based on the assumption that a good model p(z) that can generate realistic
data samples, must also in turn capture the underlying structure related to the
explanatory variables y. The evaluation of conditional distribution p(y|z) for some

discriminative tasks can then be obtained by using Bayes’ rule.

In general, either of the presented models can work properly based on the as-
sumption that an useful feature representation will be captured by the encoder.
Hence, the task of learning a good decoder/generator can be linked with the task
of learning a good feature encoder. Hence, many ML efforts have concentrated on
engineering input features, the primary goal of which is to enrich the input data

based on prior knowledge of relevant aspects to solve a given task [38].



6 1.3. Representation Learning

Due to feature representation, existing approaches have focused on content-based
features, context-based features, or both [39]. For example, content-based represen-
tations are mostly used for visual tasks, while context-based features are generated
from external context (e.g. annotations). Most past efforts in feature representation
have been focused on the content of inputs e.g. in traditional vision-based content
features [38, 40, 41], in deep learning-based methods [42-46]. Compared to tradi-
tional content-based features, content features are extracted from the pre-trained
deep learning methods [15, 47-51]. As mentioned earlier, all of the proposed main-
stream approaches to learning effective visual representations can be categorized
into one of two general classes: generative or discriminative. Finally, we introduce
one additional terminology commonly used when referring to semantic and robust
feature representation. Robust feature representation problem is about encoding
and then combining either discriminative, or consistent or both information to pro-
vide useful representation for final predictor [52]. All approaches are described in
Sections 1.3.1, 1.3.2 and 1.3.3.

1.3.1 Discriminative Representation

Achieving effective prediction requires learning the subset of relevant representa-
tions. A representation that focuses only on relevant information content is less
sensitive to noise, more discriminative across imbalanced/biased data, and more
optimized to learn. Prior efforts proposed effective representation through discrim-
inative approaches [3, 4, 53-56]. However, extracting the discriminative features
from the input samples can make learning easier by separating representations of
different samples, and help design effective predictors to distinguish different class
labels. In general, the discriminative reasoning task stands for both visual under-
standing and semantic representation as a critical stage in many Al systems’ ability
to perform well. Discriminative visual features are extracted based on “context-
based” information such as pixels, colors, objects, “context-based” information
such as image tags, or “both”. In the following, we introduce the mentioned types

of discriminative features.

Content-based Feature Extraction- To extract semantic content-based fea-
tures of images, deep features from the intermediate layers of pre-trained deep

learning models have been used. Intermediate layers in well-known models such as
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FIGURE 1.2: VGG structure [1]

VGG [1], ResNet152 [15], GoogleNet [57], CNN-LSTM [58] extract semantic fea-
tures of images. Although these content features are shown to be highly efficient in
many visual tasks (like [42-46, 58, 59]), the information they learn may be insuf-
ficient to discriminate complex images with inter-class similarities and intra-class
dissimilarities, such as in higher-level tasks that need deeper understanding, like

visual relation annotation and complex scene recognition [39, 60].

Some works, such as [49, 51|, investigated separable representations derived from
the fusion of different or higher pooling layers of GoogleNet [57] VGG16 [1] mod-
els. Figure. 1.2 shows the pooling layers of the VGG structure. However, these
methods demand massive datasets and a rigorous hyper-parameter tuning process
to learn the separable features for the better discrimination of each input image.
Their methods ignore object-level information, which could be critical for better

differentiation of i.e.complex scene images.

Aside from them, other works extracted mid-level representations by augmenting
data with pre-trained deep learning models [50, 61]. For instance, Zhang et al. [50]
performed random cropping of images into multiple crops and extracted the visual
features from the AlexNet [25] model. Then, visual features that are extracted
from multiple crops are concatenated to be learnt. However, such methods suffer
from high feature dimensionality [39]. More importantly, while data augmentation
increases the training sample diversity, the performance of these methods is highly
limited by the chance of random choices. However, most of the proposed content-

based solutions [42-45] are trained well only with frequent samples.
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Context-based Feature Extraction- In comparison with content-based feature
extractions, there are very few works [39, 50, 62] that have used context information
by adding annotations or descriptions corresponding to images. Then, by fusing
the external context information with the content information, more discriminating
information can be offered. However, finding such external knowledge is impossi-
ble for some kinds of data, and generating them is expensive. Although context
features can provide more unbiased representation for unbiased prediction, content
features have a better representation ability for the non-ambiguous information

present, e.g. in scene image datasets.

1.3.2 Generative Representation

The concept of ”generative representation” mainly refers to the model’s being ro-
bust against adversarial attacks [63]. Generative models can be thought of as
self-supervised but with different objectives. In this thesis, we extend from dis-

criminative to generative features towards robust visual question answering task.

Deep feature by Adversarial Training For DNNs, generalization is a significant
characteristic. The majority of efforts in this community are focused on improving
adversarial training in the presence of noise or attacks. The studies on the general-
ization of adversarial training are mainly categorized into standard generalization,

adversarially robust generalization, and generalization on unseen attacks.

In some cases, they produce probabilistic predictions; in others, they only yield the
most likely class to assign. In all cases, they approach the classification problem
without explicitly modelling any of the data-generating distributions. In contrast,
the primary goal of methods based on generative models is to model the process
that generated the data. When such a generative model is conditioned on a given

label y, it can also be used for classification.

As the first research direction, we propose a novel head network to actively explore
discriminative content-based representation using feature refinement (Chapter 3).
The second research direction addresses the model instability problem by gener-
ating consensus representation for the same class. Through a consensus model,
common feature representations that are reasoned by various samples are learnt to

increase the robustness of consensus (Chapter 4).
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1.3.3 Learning Consistent Feature Representation

Besides two mentioned representations, from model robustness perspective, the
consistency refers to that the discriminator’ outputs do not change too much with

respect to small changes in the input.

After learning a new task, the representation of the old relation in the space may
change. In order to prevent the encoder from not altering the knowledge of the old
task while learning the new task, we propose two replay strategies to learn consis-
tent representation for alleviating this problem: contrastive replay and knowledge

distillation.

Another perspective of model robustness is that it is consistent across similar classes
of samples. From an ML model perspective, consistency means that given seman-
tically similar inputs, the user would expect similar outputs, or in other words,
consistently correct outputs. In the pioneering work by [29], consistency regular-
ization has been introduced as an essential assumption in which a robust model
should output predictions on the perturbed versions of the same input image [64].
Moreover, the importance of ”wvisual consistency” has emerged in unsupervised
contrastive learning. The similarity of the positive sample(s) and reference sample

has been taken into account to make the learning more efficient [64, 65].

In the second part of this thesis, we argue that consistency in visual representation
encourages consistent similarities between generated variations of samples that are
semantically similar. In particular, we have improved the consistency not only for

visual variations but also for language paraphrases (in Chapter 4.1).

1.4 Objectives and Major Contributions

The contributions of this dissertation are two-fold. First, in Chapter 3 we propose
a meta-architecture approach to learning deep feature representations for visual re-
lation annotation and scene graph generation. Previous works in this area learned
shallow features or our approach which is frequentist and inspired by the algorithm
in Chapter 3. This work with any level of supervision: the algorithm can take ad-
vantage of sequences that change points are fully or partially labeled. Alternatively,

it can still learn feature representations in an entirely unsupervised manner.
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Chapter 4, we seek robust visual reasoning to present a consistent learning paradigm
for multi-modal reasoning tasks such as visual question answering, to overcome
some limitations toward robustness. To construct the proposed robust model
against input variations, ADVCL, we utilise contrastive learning approach to con-

trast intra-class samples with negative samples.
The major contributions are listed as follows:

For learning discriminative representation, we propose a model to explore semantic
content-based representation of the ground truth visual input that enhances the
model efficiency within fine-grained prediction.

For example, to construct a sensible scene graph, models should be able to dis-
tinguish more informative relationships rather than the 'more probable but less
informative’ ones (e.g. person-on-skateboard replaced by person-sitting on-
skateboard) by capturing more contextual semantics. Our proposed model deals
with fine-grained prediction and achieves improvement in the comprehensive met-
ric [5, 66], mean Recall@ K (mRQK) on VG [67] benchmark. For example, our
model improves the mR@50 and mR@100 from 8.0% and 8.5% in MOTIFS [6] to
9.7% and 10.2%, and from 7.5% and 7.9% in VCTree [5] to 11.1% and 11.7% on

the scene graph classification task, respectively.

We progress from discriminative to generative features in order to solve robust
visual question answering problems.

For training a model to learn the representations of the ground truth multi-modal
input, we apply a contrastive learning approach using hard-samples generated with
adversarial perturbations.

We show that generating hard representation based on adversarial attacks leads

the model to be consistent against semantic data variations.
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1.5 Structure of the Dissertation

e In Chapter 1, we introduce the general idea of robust feature representation
and learning for DNN models and the reason of why they are important in the
computer vision community. Afterwards, we discuss the importance of two
perspective of robustness to the motivation and basic ideas of our proposed

methods in the following chapters.

e In Chapter 2, we review all the related works and preliminary concepts that

are critical in this thesis.

e In Chapter 3, we present the design of a meta-architecture that explores the
discriminative pairwise features by novel content-based feature representa-
tion, helping visual reasoning tasks like visual relation annotation and scene
graph generation to overcome naive object feature concatenation limitation
and dataset bias. To construct the proposed pairwise head network, ALIGN
R-CNN, we design a novel attention-based multiple region alignment module
that can be jointly optimized with SGG. We develop a learning scheme which
actively refines pairwise features due to ground-truth relationship labels. Ex-
perimental results on large-scale and biased benchmark: Visual Genome for
scene graph generation show conclude the importance of Feature alignment
and how to use it for the guidance of future designs of discriminative models.
In comparison with other methods, ALIGN R-CNN outperforms state-of-
the-art results, while exploring interpretable visual semantic representation.
Note that our pairwise head network ALIGN R-CNN can be widely applied in

the community which particularly seeks unbiased and zero-shot predictions.

e In Chapter 4, we seek robust visual reasoning to present a consistent learning
paradigm for multi-modal reasoning tasks such as visual question answering,
to overcome some limitations toward robustness. To construct the proposed
robust model against input variations, ADVCL, we utilise contrastive learn-
ing approach to contrast intra-class samples with negative samples. More-
over, we argue the naive contrastive positive and negative samples that are
randomly picked are sub-optimal. Hence, to overcome this issue, we gen-
erate hard positive samples from adversarial attack samples. Experimental
results on two benchmarks, VQA2.0 and Praphrased visual Q&A, show that

ADVCL is robust to question variations and less-frequent data.
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1.5. Structure of the Dissertation

e In Chapter 5, we draw the conclusion of the overall thesis by summarizing
the contributions of this thesis on robust feature representation and model
robustness. Finally, we discus the importance of causality in DNN models

and how it can improve the robustness for our future works.



Chapter 2

Literature Review

2.1 Introduction

In this section, we provide the review and analysis of the related tasks to the
proposed methods in this thesis according to the following strategies.

First, we review two practical problems, including Scene Graph Generation, and
Visual Question Answering which are described in Section 2.2 and Section 2.3,
respectively. Second, the learning methods for feature representations that can be
applied to many different practical problems have been analyzed. We categorise
these methods into “Zero-Shot Learning” and “Contrastive Learning”, which have

been reviewed in Section 2.5 and Section 2.6, respectively.

2.2 Scene Graph (Generation

Scene graph [68, 69] is a comprehensive and coherent, visually-grounded structure
representation which explicitly models objects (e.g. boy, umbrella, bike), attributes
of objects (umbrella-is- green), and relationships between paired objects (boy-
hold-umbrella). Specifically, the fundamental elements of a scene graph are ob-
jects, attributes and relationships where the substructure is annotated in the form
of relationship triplets, <subject-relation-object> or <subject- relation-
attribute>, abridged as <o;, r, 02>. “subjectl” and “subject2” are assigned

with object classes. Objects are the fundamental building blocks of an input image

13
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FIGURE 2.1: Image with annotations of different semantic levels Visual
Relationship Detection: Given an image as input, we detect multiple relation-
ships in the form of <Subj-Rel-Obj>. (a) For each triplet, both objects are
localized in the image as bounding boxes. In this example, we detect the follow-
ing relationships (b) and finally generate the graph (c).

that can be located using a set of bounding-boxes (BB). An object may contain
zero or more attributes, which can be color (e.g. green, red), states (e.g. standing),
etc. Relation is the predicate label of the node pair such as person-ride-bike
and dog-on-bed. The relation can be categorized as spatial (e.g. above, be-
hind), actions (e.g. looking, walking), descriptive verbs (e.g. wearing), preposi-
tions (e.g. with), and comparative (e.g. smaller than), etc. Figure. 3.1 shows the
straight-forward model to generate a graph from input image by extracting object

bounding-boxes and pairwise relation features from each pairs of object.

Scene Graph Generation (in short SGG) has attracted much attentions in multi-
media community [5, 6, 9, 70-79], especially due to its potential to underpin many
multi-modal downstream tasks, such as image captioning [80-83], VQA [84-87],
and image retrieval [68, 88]. In general, two approaches have been proposed to
generate scene graph. The straight-forward approach, known as compositional ap-
proach, [6,9, 68, 69, 74, 89-96] first detects objects and then classifies the relation
of each object pair. The second group of approaches [6, 7, 9, 66, 75, 97-103] jointly
infer the objects and their relations based on the object region proposals. The main
difference between the two groups of approaches is whether the relation features
(features of each pair’s union area/ pairwise object feature) are used to refine the
object features. To generate a complete scene graph, both approaches above should
detect all existing objects or object proposals in the image as far as possible, and
group them into pairs and use the features of their union area (denoted as relation
features), as the basic representation for predicate inference. In this thesis, we
consider compositional approach. Given an input image, scene graph generation

method first generally generates triplet proposals with Region Proposal Network
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FIGURE 2.2: Pairwise feature embeddings [2].(a) Given paired objects (Per-
son and Racket); (b) pairwise relation method in which feature maps are di-
rectly concatenated and (c)the proposed Align R-CNN relation method in which
discriminative/relationship-specific object parts are aligned before concatenation

(RPN). Each triplet proposal is made up of subject, object and predicate ROIs,
respectively. The predicate ROI is the box that tightly covers both the subject
and the object. Then, in feature representation, for each object proposal, we can
get appearance, spatial information, label, depth, mask, and for each predicate
proposal, we can get the appearance, spatial, depth and mask. These multi-modal
features are vectorized and can be combined and refined in the third step of Feature
Refinement using message passing mechanisms, attention mechanisms and visual
translation embedding approaches. Finally, the classifiers are used to predict the

categories of objects and predicates, and the scene graph is generated.

In this section, SGG models will be reviewed and analyzed according to “fea-
ture representation” and “feature refinment”. First, we review the feature repre-
sentation methods for objects, subjects and predicates in SGG. We classify pair-
wise object feature modeling for relationship prediction into “Triplet-based” and
“Context-based” categories. Second, the feature refinement methods for objects,
subject and predicate are presented. We categorise these methods into “Message
Passing”, “Attention Mechanism”, “Visual Embedding” and Others.
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Ficure 2.3: Faster-RCNN network for object detection.

2.2.1 Object Detection

Object detection task plays an important role in the applications where one needs
to localize the position of objects in input images or video frames and recognizing
the category of the objects before further processing. Recent advances in deep
learning techniques for object detection is closing the gap with respect to human
performance [17-19]. It is also very important for many CV tasks such as scene de-
tection, robotics, autonomous car driving, and etc. These applications depend on
several task-specific predictors and estimators to provide accurate predictions. To
ensure that the extracted features are accurate and is not affected by the unrelated
task-specific information, the designing of a robust model which can handle task-
specific noise or adversarial manipulation in the input data, has became critical in

advanced applications.

The most popular object detection pipelines [17, 104] involves generating a number
of object proposals classifying each of them. In this thesis, for both applications
we use Faster-RCNN [17] as a detector. As seen in Figure. 2.3, the framework of
Faster-RCNN is is a two-stage network for object detection. In Figure. 2.3, object
proposals are produced based on feature maps that are produced in the network.
Then, the generated proposals are passed to several fully connected (FC) layers to

output the objects’ bounding-boxes and the class labels corresponded to objects.
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2.2.2 Feature Representations

The focus of the SGG is to use object visual features to generate a powerful pair-
wise object feature representation model to connect objects for high-level reason-
ing [75, 80, 85, 105]. The simplest way to predict relationships in the SGG is to
take the original features or their concatenation (extracted in the feature extrac-
tion stage of the general process depicted in Figure 2.2.b) as inputs to produce a
confidence score for each relationship category of the classifier. Hence, the core
technique for SGG is pairwise object feature modeling for relationship prediction,

which can be summarized into two main categories as follows:

Triplet-based- Triplet-based modelings [69, 93, 106-110] explore the information
from each given pair of objects. These approaches first detect objects using pre-
trained detector, and then use the outputs of the object detector as fixed inputs of
a relationship detection module. These models are merely local and thus overlook

the beneficial global context.

Context-based- Unlike triplet-based methods, context-based methods [5, 9, 66,
71-74, 76-78, 111, 112] enrich the triplet-based approach with contextual features
by using graph message passing. Visual context-based methods that inferring
object-level context reasoning provide a powerful bias that connect objects for
high-level reasoning [75, 80, 85, 105]. For example, detecting a pair of objects
“person” and “bike” can be informative to detect the predicate “ride”, which
preserves information to answer the question “who is riding on the bike?” by
“person” [5]. However, these two prior structures are sub-optimal and easily fooled
by biased dataset.

The common core of the two categories mentioned above is the pairwise feature
modelling, that is to say, any improvement in pairwise modeling can directly im-
prove the performances of any relationship prediction model. Unfortunately, al-
though SGG techniques have advanced significantly in recent years, the pairwise
feature is still the naive feature concatenation. As shown in Figure. 2.2 (b), the
naive pairwise feature is built based on the fusion of individual object features per
each pair of objects. However, we argue that the naive concatenation suffers from

the following limitations:
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Lack of Object Part Interactions. The object features abandon spatial cues
and hence their concatenation cannot encode any object part interactions. For
example, to distinguish between the two predicates riding and carrying for the
relationship person-7-surfboard, concatenation can only provide the class infor-
mation about person and surfboard, thus, the resultant prediction is inevitably
biased to the most frequent combination, e.g. person-carry- surfboard, without

even looking at the visual interactions [5].

Mis-alignment of Object Parts. One may want to directly concatenate the two
feature maps that retain the spatial cues [6, 113]. However, we argue that such con-
catenation are fully object specific and may mis-align the object parts. Hence, they
may fail in complex visual features due to the mis-aligned object parts. Opposed
to those works, our proposed model exhibits different pairwise features by mining
region alignment for different object interactions. For example, to distinguish be-
tween holding in person-racket (see Figure. 2.2), if we directly concatenate the
feature maps, the parts of hand object cannot align to the corresponding racket

parts, leading to non-discriminative features for prediction.

2.2.3 Feature Refinement

The idea of learning better features by feature refining is extensively studied in
scene graph generation [9, 66, 75]. The intuition behind it is to exploit the fruitful
contextual information for both object and relation detection in a Visual Rela-
tion Detection (VRD) task. Regarding relation detection, the previous works pre-
estimate dependencies among triplet <objectl-relationship-object2> components
and make the task context-dependent. For instance, the refined features lead the
predictor to predict more biased relations, e.g. in person-?-bike, riding is in-
deed more prominent than feeding [2]. However, graph initialization is essential

here before going through node and/or edge refinement.

2.2.3.1 Message Passing Mechanism

The message passing explore the effect of context occurring between elements of

the scene graph, including objects and relationships. We can understand the effect
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of context at three levels. First, for a triplet, the predictions of different phrase
components are dependent on each other. For example, the visual connection
of the subject (man), which appears to be sitting on something and an object
(horse) with the appearance of human on it help to enhance the evidence of the
predicate “ride”. In return, the specific visual features for “ride” also helps to
infer the subject (man) and object (horse) as well. Second, since the triplets are
not isolated, messages can be passed between them. The message passing at the
subgraph level is based on the assumption that the objects which have relationships
are semantically dependent, and the relationships which have overlapped object(s)
are also semantically related to each other and even share appearance features.
Third, visual relationships are image-specific, thus learning feature representations
from a global view is meaningful for relationship prediction. The global information
is scattered over each object, specifically, for each object proposal generated by

RPN, other proposals all contain its contextual information.

2.2.3.2 Attention Mechanism

Machine learning-based Attention was first proposed by [114] by applying Neural
Machine Translation that simultaneously learns to align and translate. Attention
mostly attempts to optimize the task of prediction by exploring key visual features

and passing information only between embedded nodes.

In the task of scene graph generation, attention mechanisms are always used
to refine object features and extract relationship features. In most multi-modal
alignment-based works, attention mechanism plays an important role in identify-
ing the word alignments with respect to vision features and vice versa. The benefit
of such approaches is the feature semantic representation reasoned by alignment,
which provides the model with flexibility to attend to non-strict regions. Unlike
multi-modal approaches, in this thesis we introduce the head network that applies
a region alignment module to calculate the alignments with respect to semantic-
rich regions belonging to the correspondence object in a pair for pairwise feature

context selection (see Chapter 3).

In multi-modal task, for example, by given a set of image features V & R"*%
and bounding box features B € R™% and textual features £ € R™*%_ the root

attention has two roles. The first role is to generate an attention map for object
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level visual features based on language representations:

e = so ftmax(ATT(V, B, E)) (2.1)
Head : H; = A, VW! (2.2)
Ouput : VATT = Embed([Hy, ..., H, )W), (2.3)

where W is all trainable parameter; A denotes the soft- attention multi-lead H =
1,...,h, and [.] is the concatenation operation. The network function is shown as

Embed() and the residual operation as in:
O = ooect T (2.4)

ATT denotes any network functions which can generate object region attentions.
The second role of root attention is to generate a fused visual feature VATT.

The attention network function ATT can be categorised as soft or hard architec-
ture, based on the alignment score. The soft-attention network re-weights and
learns all the global context feature for each time [114], over all patches in the in-
put. While, hard-attention approach learns the single patch at any time. In multi-
modality task, hard-attention passing only takes “hard” representation’s weight
that are related to input queries (e.g. input visual questions). In Chapter 3 by
inspiring [115, 116], we take the benefits of soft parsing attention to consider the
context of two objects per pair. Then we apply hard-attention to negate the irre-

lated region information as pairwise feature for prediction.

Towards semantic scene understanding Semantic scene understanding re-
quires identification of the type of objects and their visual relationships. Thanks
to progress in deep learning (DL) approaches, semantic scene understanding has
seen substantial progress through advances in image classification, semantic seg-

mentation, relation detection and annotation, etc.

In the process of human reasoning, abstract reasoning of a visual scene is to try to
ignore irrelevant details. Inspired by this, visual understanding using high-level;
semantic representation is introduce. In visual reasoning, the achievement of deep
learning significantly improved the accuracy of results. Image features are primarily
used as input to get answers. However, the image features are too redundant to

learn accurate characterizations within a limited complexity and time. The model
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using semantic representation as input verifies that more accurate results can be

obtained by introducing a high-level semantic representation.

In this thesis, we modify previous representation learning approach to facilitate
model building in this way and demonstrate how it can reason semantic visual

feature between pairs of objects to efficiently learn about their visual interactions.

Furthermore, [93, 107, 109, 111, 117, 118] propose relationship proposal networks by
employing pairwise regions in images for fully or weakly supervised visual relation

annotation. However, most of them are designed for whole scene graph description.

This thesis aims to propose a model uses an attention-based module to encode the
semantic relation between object regions and classes. Subsequently, it transfers
information to sparse regions to make a prediction that is closer to the features ex-
tracted from the informative regions than the features from different classes. Some
attention-based works like [119, 120] have been known as the efficient relational
reasoning models over the past few years. The attention-based methods can model
dependency between the triplet components, aggregating information from the fea-
ture embeddings of all pairs from the input (e.g. pixels). The aggregation weights
are learned and driven by the target task. [121] build a commonsense knowledge
graph for this objective.

Close to [121, 122], however, our work considers object part instances from object
feature maps instead of image pixels as the primitive elements. Besides, the pro-
posed model by this thesis, learns discriminative pairwise features by capturing the

local semantic dependency among object instances.

2.3 Visual Question Answering

The task of Visual question answering (VQA) was first introduced by [123] to
gain a deep understanding of visual content by bringing together advancements
in natural language processing (NLP) and computer vision (CV). Image-based
QA [12] requires wide understanding of input multi-modal image-question pair to
predict a correct answer. In the terms of performance, there has been significant
progress over recent years [124-135] by either applying an attention module [129,
136] or by enhancing the reasoning of the joint representation [124, 125, 130—

135]. To extract visual feature representations, early works used pre-trained VGG
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or ResNet. Later, bottom-up and top-down network [129] enhanced the visual

features by extracting from an object detector [17].

Further efforts [124, 126, 128, 137-139] extended traditional attention methods
for better visual representations. For instance, co-attention [128; 140, 141] im-
plements soft-attention based on a fused representation of multi-modal feature
representation. Most modern and advanced attention methods proposed models
like BAN [126], DCN [141]. Inter-intra network [127] further improved compu-
tation efficiency of co-attention through bilinear attention. More recent works
by [8, 130-134] have applied multi-modal transformers (MMT) to two modalities’
representations from detected object features and BERT language features [142].
Similar to [130], in this paper we use the multi-modal transformer architecture for
our experiments. Moreover, many re-generated VQA datasets including human-
crafted datasets like CLEVR [13], and large-scale long-tailed datasets like VQA
v1.0 [12] and VQA v2.0 [143] have been proposed.

Visual representation reasoning, which is the main core of this thesis, is critical
to perform VQA model robustness, for variations of language questions as well
as biased and complicated questions which are needed to high-level reasoning to
answer. Despite these significant progress, balancing between accuracy as well
as robustness of today’s VQA models against input variations leave much to be
desired. In this thesis, we show that the desirable feature consistency leads VQA
model to be robust and efficient. These methods significantly improve overall VQA
performance. It is worth noticing that conventional VQA methods lack the ability

of produce robust prediction against multi-modal input variations.

2.3.1 Robustness in Visual Question Answering

Robustness of VQA models concerning multi-modal vision and language input has

been studied from various aspects.

Some efforts like [144-147] proposed robust VQA models with respect to the lan-
guage bias caused by the available imbalanced training dataset. For instance, “what
is color of apple” in most cases predict “red” due to imbalance training set. To

tackle the lack of robustness, some past works proposed new benchmarks [11, 144].
VQA-CP [144], the first robust VQA benchmark, has proposed a balanced dataset
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to evaluate question-oriented language bias in VQA models. It has been built
by reshuffling data in VQA v2.0 [143], and qualifies language bias affected by in-
put questions. GQA-OOD [147] improves from VQA-CP, and proposes to study

robustness against the question-answer distributions.

Besides language bias, VQA-Rephrasings [11] exposes the brittleness of VQA mod-
els to linguistic variations in input questions. VQA-Rephrasings made by human-
written rephrasings of questions in VQA v2.0 dataset. [11, 148] studied the VQA
robustness in relation to question paraphrases and subsequently proposed two aug-
mented datasets by generating various rephrasings of questions. VQA-CC [11]
studied the VQA robustness in relation to question paraphrases and trained a Vi-
sual Question Generation (VQG) model to generate paraphrases of questions to
augmented the training dataset. VQA-Aug [148] augmented the training dataset
by generating paraphrases of questions via Back-Translation (BT). While, VQA-P2
([149]) augmented data with low-level changes such as simple lexical substitutions.
In the Chapter 4, we study the consistency of VQA prediction on reference ques-
tions and their corresponding paraphrases. In contrast to previous approaches, our

approach is agnostic to model architecture.

Apart from previous perspectives of VQA robustness, [146, 150] proposed the ex-
tension of visual grounding in VQA models with respect to semantic changes in
input images. Causal VQA [146] analysed the predictor robustness for prediction
consistency to questions from reference images and their corresponding noisy im-
ages. Further studies investigate robustness against reasoning. Robustness across
reasoning analyses the model ability across variety of situations i.e. compositional
and positional reasoning. For instance, [151] evaluated the robustness through
special compositions of different types of questions. GQA [152] studied and quali-
fied VQA models’ ability on positional reasoning as well as relational reasoning by
generating questions from class-label scene graphs. A work by [153] introduced a
novel split for VQA dataset via providing perception-related questions for reference

questions in dataset.
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2.4 Deep Multi-modal Learning

In this section, we summarize two perspectives from the current literature on deep
multimodal learning, namely: multimodal data representation, multimodal fusion
(i.e.both traditional and deep learning-based schemes), multitask learning, multi-

modal alignment, and zero-shot learning.

2.5 Zero-Shot Learning

Zero-shot (zS) learning is a task which aims to recognize a i.e. object, class whose
instances may not have been seen in the training set [94, 154-158], but in test
set. Due to the importance of zero-shot learning due to the overall performance
improvement, in the case where there is not enough labeled data for some samples
in test set in training data, the number of proposed zero-shot learning models has

increased during the past few years.

2.5.1 Zero-Shot Learning in Scene Graph Generation

In the task of scene graph generation, zero-shot recall aims to recognize unseen
triplet components with no labelled instances in the training set by leveraging
supplementary information, such as semantic representations. For instance, the
Visual Genome (VG) dataset [67] contains 2,098 components that never occur in the
training set, hence they can be used for zero-shot evaluations [159]. For instance,
cat-looking at-animal component has never seen in training set. Tang et al. [10]
reported zero-shot problem on VG for the first time. However, they didn’t propose

any particular solutions to improve it.

To tackle the problem of zero-shot learning by inspiring human reasoning sys-
tems, we propose a novel pairwise head encoder inferring robust and discrimina-
tive relation features. The proposed network is able to detect unseen components
(e.g. cat-looking at-animal) by composing and grounding existing visual con-

cepts from other patterns (3).
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FIGURE 2.4: Conceptual comparison of key representations from mem-
ory bank [3] and on-the fly [4].

2.6 Contrastive Representation Learning

Contrastive learning is a technique that aims to learn consistent and high-level rep-
resentations by distinguishing the positives from negative representations of data.
Learning high-level visual representations by using contrastive learning [160] has
achieved great success in both supervised and unsupervised manners [4, 160, 161].
Specifically, some contrastive learning methods like [4] adopt contrastive learning
to train the models by decreasing the distance between the feature representations
of different augmented views of the same input images while increasing the dis-
tance between different images. In this thesis, we use contrastive learning to push
multi-modal features closer to debiased features while keeping them far away from

negatively biased features (Chapter 4).
Semi-supervised Contrastive Loss

Contrastive learning has been known as main model for unsupervised visual fea-

ture reasoning and learning. An effective contrastive loss function is in Eq 2.5 [162]:

exp(q.k*)/T
exp(q-k*) /7T + 32y explq-k™)/T

where ¢ is a query of representation, k™ denotes a positive representation sample,

Lot~ = —log (2.5)

and k~ are representations of the negative key samples. 7 is temperature hyper-

parameter.
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Supervised Contrastive Loss

One variation of a supervise contrastive loss (SCL) [163] enables joint multi-modal
representations from samples whose questions are semantically paraphrased to be
closer than the rest. In this thesis, we are inspired by [8] to optimize training
paradigm. However, we discuss that the key challenge of contrastive learning for
multi-modal representations benefits more from true samples (i.e. those that are
semantically similar to an anchor point) and may be damaged from those negative

samples with other anchors.

For a set of N, sample pairs are randomly selected, {xy, yr},—; » , the corre-
sponding batch that use for training contains 2N pairs, {X;, ¥;},_; o, Where Xop
and Xo;_1 are two random sample augmentations, e.g. pairs of x,(k = 1...N) and
Yor—1 = Yor = Yk-

As in Eq 2.6 [163] that shows the straight forward to generalize Eq. 2.5 to incor-

porate supervision.

= L =3 o X oy Pl (26)

i€l el pEP aeA exp(zi-2a/T)

2.6.1 Contrastive Representation Learning for Visual Ques-

tion Answering

Contrastive learning techniques have achieved great success in unsupervised learn-
ing [4, 160]. The main task under contrastive learning is to learn in a way that
encoded features to be similar to positive samples while being far from dissimilar
ones by employing the contrastive loss. In image-based applications [4, 164-167]
, many efforts have been adopted for choosing/generating positive and negative

samples that is critical for the quality representation.

According to the robustness of VQA models, (described in Section 2.3.1), [168]
replaced discriminative loss function (e.g. cross-entropy) with robust loss to boost
the generalization performance of the model in semi-supervised learning approach.
The common approach that can increase the robustness is to simply replace the
discriminative loss with a loss that is robust to distribution. However, due to the
nature of contrastive loss, C'E loss can be replaced by SC'L that makes anchor and

its paraphrasings closer.
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Using the advantages of augmented training set, SC'L has been applied to learn
better representations from anchor and its paraphrased question. In supervised
and metric learning settings, “hard” (true negative) key samples enable a learning
method to correct its mistakes more quickly [169, 170]. In this thesis, we fur-
thermore show the importance of positive samples by generating “hard” positive
samples using adversarial attack samples instead of random intra-class samples
(Chapter 4).

2.7 Summary

In this chapter, we provided some theoretical and background knowledge that
are related to this the works in this these. In this thesis, we argue that while
most research focuses on maximizing overall performance during training a machine
learning model, not much attention has been given to evaluating its robustness, i.e.,
against biased datasets and visual content manipulation, until very recent years.
Lack of unbiased representation learning, especially with respect to consistency and
discrimination, can be due to various reasons, e.g. data distributions, inadequacy

in the learning process, model sensitivity to different regions of feature space, etc.

To mitigate the mentioned challenges, we have proposed different feature represen-
tation learning approaches to enhance learning performance for relation annotation
and for question answering.

As a first contribution, we incorporate an unbiased learning approach in Chapter 3
by exploring the importance of learning feature alignment for dynamic object fea-
ture concatenation in relation annotation, where objects may not only have large
overlaps in their spatial locations but also have a lot of commonalities in their
semantic concepts.

In Chapter 4, we further explore unbiased learning by exploring the present learn-
ing paradigm of consistency in multi-modal reasoning tasks such as visual question

answering, to overcome some limitations in robustness.






Chapter 3

Align R-CNN: A Pairwise Head

Network for Visual Relationship

Detection !

3.1 Introduction

3.1.1 Scene Graph Generation

Scene Graph Generation (SGG), or visual relationship detection (VRD) was first
formalized by [95]. Scene graph generation has attracted much attention in the
multimedia community [5, 6, 9, 70-79]. Due to these important needs, previous
efforts have tried to provide a powerful pairwise object feature model to connect

objects for better feature reasoning [75, 80, 85, 105].

However, in this thesis we argue that most existing methods of studying scene
graph generation performance which are based on pairwise triplet-based predic-
tion, may fail to disambiguate between single pair interacting in multiple ways
(e.g. person-horse may interact by multi categories: riding, feeding, etc.)
and /or multiple pairs interacting in the same way (e.g. predicate holding may

be used for several pairs: person-book, person-glass, etc.). This problem stems

I'The work in this chapter has been published in the paper : Mitra Tajrobehkar, Kaihua
Tang, Hanwang Zhang, Joo-Hwee Lim. “Align R-CNN: A Pairwise Head Network for Visual
Relationship Detection.” Proceedings of the IEEE Transactions on Multimedia, 2021.

29
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FiGure 3.1: A Common Framework of Scene Graph Generation.

from non-discriminative relationship feature embeddings. In this chapter, we pro-
pose a network (ALIGN R-CNN) that aims to demonstrate that feature extraction
in pairwise relation models can be improved by augmenting a pairwise head with
the attention component for dynamic object feature concatenation. ALIGN R-
CNN) innovates a feature representation approach to address the data distribution

mismatch for semi-supervised learning.

We implement ALIGN R-CNN on the new standard of the SGG diagnosis toolkit
that has been recently proposed by [10] and evaluate the Align R-CNN pairwise
relation model by applying it to the state-of-the-art models [5-7, 9]. We evaluate
ALIGN R-CNN on a large and well-known benchmark: Visual Genome [67]. We
gain comparable improvement on standard tasks in SGG. In particular, ALIGN
R-CNN helps high-level vision models fight against the dataset bias. To con-
struct a sensible scene graph, models should be able to distinguish more informa-
tive relationships than more probable but less informative ones (e.g. person-on-
skateboard replaced by person-sitting on-skateboard) by capturing more con-
textual semantics. The proposed ALIGN R-CNN deals with fine-grained prediction
and achieves improvement in the comprehensive metric [5, 66], mean Recall@K
(mR@QK) on VG [67] benchmark. For example, our model improves the mR@50
and mR@100 from 8.0% and 8.5% in MOTIFS [6] to 9.7% and 10.2%, and from
7.5% and 7.9% in VCTree [5] to 11.1% and 11.7% on the scene graph classification

task, respectively.
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FIGURE 3.2: Overview of proposed Align R-CNN framework. The model
contains attention-based multiple region alignment module to generate new pair-
wise visual features for relation prediction as showcased in the yellow box

3.2 Approach

Our proposed ALIGN R-CNN network can be summarized into the following
stages. (1) Object detection (Section 3.2.1) to detect object proposals. The visual
feature of detected object i is shown as o;, concatenating a RolAlign feature [19]
v; € R?%8. (2) Given a set of object proposals in an image, in Section 3.2.3, pair-
wise object feature and learning-by-Alignment conducts region-wise alignment for
dynamic object feature concatenation. Then, we employ Decoder to decode the
discriminative pairwise information using the constructed ALIGN R-CNN (Con-
text II in Figure. 3.2). For Decoder, we adopt bidirectional LSTMs (BiLSTMs)
(shown in Figure 3.3.b) , Bidirectional Tree LSTM (BiTreeLSTM) [171], and fully
connected layers according to MOTIFS [6], VCTree [5] (shown in Figure 3.3.c), and

VTransE [7], respectively to encode the content, through different experiments.

In MOTIFS, the Bi-LSTMs model is used to capture the global context and struc-
tural regularities in scene graphs. MOTIFS constructs the global context from all
detected objects in a given image. Then, it leverages the global context to re-
fine feature-level representations for individual objects and possible relationships

between them.
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FIGURE 3.3: a) Unidirectional LSTM (LSTM); b) Bidirectional LSTM
(BiLSTM); and c) Bidirectional (BiTreeLSTM).

(3) The encoded contexts will be decoded for graph generation in Section 3.2.4,
that jointly utilizes the object feature embeddings (Context I) and aligned features
(Context II), to generate the final graph. The full architecture diagram is shown
in Figure 3.2

3.2.1 Object Detection and Feature Extraction

Consider the input image as I , which is represented by a set of N objects and
bounding-boxes in form of O = {0y, ...,0;...,on} and B = {by, ..., by} and feature
maps 4, extracted by object detector (here we used Faster R-CNN [17]). As an
object feature extractor, Faster R-CNN [17] object classifier uses ROIAlign [19] to
output visual features M = {m;|i = 1, ..., N} and their corresponding initial object
labels C' = {¢|i = 1,..., N}. The concatenation of three contextual features: m;,

b; and ¢; is passed into Encoder f to obtain object embeddings v;.
f(0i,¢i b)) = v; (3.1)

v; then fed into a Decoder g to predict fine-tuned object label ;.
g(vi) =1, (32)

According to Equation. 3.1, we simply extract the pairwise object feature from

each pair of objects (0;,0;) as (v;,v;)|i # j;i,j = 1..n.
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3.2.2 Object Pairs Proposals

To handle the intractable number of possible pairwise object combinations, some
works like [74] use a simple filter to remove many of the unnecessary object pairs.
[172] cluster the phrase regions into some important ones and pass messages be-
tween them. Our proposed method is mostly related to the work by [102] in which
both works propose a relation proposal network to estimate the relatedness of
each object pair based on the predicted class probabilities. However, [102] does
it without semantic embedding. Taking a different approach compared to their
work, our first proposal Align-RCNN uses semantic embedding to choose the most

semantically inter-dependent object pairs.

3.2.3 Align R-CNN Construction

ALIGN R-CNN construction aims to demonstrate that feature extraction in pair-
wise relation models can be improved by augmenting a pairwise head to the at-
tention component for dynamic object feature concatenation. To this end, head
network aims to learn object-part-alignment node embedding S, which approxi-
mates the task-dependent possibility between each object pair.

Predicting the relationship r;; between objects o; and o; typically takes three
inputs: (1) object embeddings: @; and «;, (2) word embeddings of the object pre-
dictions: s; and s;, and (3) the visual features of the union region x;;. Given a
pair of object features as (x;, x;), the naive pairwise feature is considered as a

combination of representations from x; and x;.

Unlike previous works that encode the pure visual feature representations of subject
and object, ALIGN R-CNN supports the assignment of varying importance values
to different pair features, rather than allocating an equal weight for all pairwise
feature embeddings. For example, in person-horse pair, different visual features
from person and horse in different samples will help to distinguish whether the
relationship is person-riding-horse or person-feeding-horse. Therefore, we
propose an Encoder, to adaptively capture contextual semantics by learning object-
part alignment node embedding S, which refines the pairwise visual feature for

more discriminative relationship prediction. For simplicity, we denote u and v
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instead of x; and x; in the rest of this chapter.
S = f(u,v) (3.3)

Therefore, in Eq.3.3 we define f as an attention-based part-alignment module
which discovers and re-aligns local pairwise features that contribute the most to
final prediction. f takes node features u and v as input . S reflects the importance
of the edge (u, v), which can be used to measure the importance of any pairs task-

dependency for any predicate category.

The proposed pairwise alignment head is branched into two steps: Message and
Pairwise Alignment. During prediction, the Message module emulates searching
through whole region unit in every u, v- pair as object positions to extract semantic-
rich features [115]. Subsequently, it re-aligns the low-level appearance features via
transferring semantic-rich information from objectl < object2 as well as object2
< objectl (see Fig. 3.4). Then, the Pairwise Alignment module generates pairwise
representations for all object pairs due to the obtained contextual information. The

output of Pairwise Alignment module is fed into Decoder to predict r; ;.

3.2.3.1 Message

The straightforward method to apply message passing for extracting alignments
between paired objects is to use pairwise attention activation A [173]. Hence, u
and v are then used as key and query to attend over graph node features to get
attended features ¢(u) and p(v) (Eq. 3.4).

A = softmax(ATT(w".TW)) (3.4)

where, A represents relative attention, which is computed by a softmax function
over all the regions in the pairwise feature maps (u, v). W* and W} are transfor-
mation matrices which embed the corresponding features into a common subspace.

d denotes the channel dimension of embedded features (d = d, 0001 = 256).

To extract more discriminative features, we apply the K-Hard attention scheme
ATT. This scheme represents the K most relevant visual information which needed
to be considered as object part interaction and simultaneously processed to re-align

the features, i.e.decode visual context. For example, to predict more precisely, the



Chapter 3. Align R-CNN: A Pairwise Head Network for Visual Relationship
Detection 35

U 12U 12U 13U 14 V' 14V 12| V"3 v 1]

21[u"52[W 23U 24 V21|V’ 52[V" 531" 24
®«—

' '
o'W v P P v
B31 (U 32U 33(0" 5 ) Ua”az”az”zt‘p()
(V) TN VI YO V' 41| 0" 4oV 43V 4]
t é é z
V11 (V12 | Vi3fvy, ou) o) 11 | U12|Ur3|Urg

V21|V22(V23 (V24 Uzi|Uzz |Uz3[Uzs,
—Q

V31(V32 (V33| V34 31| Us2(Us3 [Usg

Softmax

Va1|Vaz Va3 | Vas |

| Softmax |

E topK

xute Aty ssimired ——

Input Feature maps

=3
— | E
8 V11|V v
e U11 | Usz|Us3|Urg 11(V12 | V13|V14
[U22 V21

Uz3|Uzs V22(V23 V24

—

[U31|Us2[Us3 (Usg V31(V32 V33| V34

Ua1 [Uaz [Uss|Uss Va1|V42|Vs3 | Vas

FIGURE 3.4: Proposed attention-based multiple region feature align-
ment module. u = {uq1...u45...ur7}, v = {v11...v5;...v77}: input feature em-
bedding representations are belong to objectl and object2 in ¢ and j region
positions (i,j — 1,...,I x J). The alignment module generates pairwise features
as ¢ (u), ¢ (v) for final prediction.

conv

riding category in pair (person, motorcycle), person hand and motorcycle
handle as well as person leg and motorcycle body that needs to be selected as

discriminative regions and transferred into corresponding regions:
ATT; = topK (AF) (3.5)

topx returns the indices of the K largest values of an input vector, and AY de-
notes the pairwise affinity matrix belongs to input ¢ (K is set to 6 by default in our
experiments). As shown in Figure 3.4, we select objectl feature map state repre-
sentations u with the K maximal attention value for corresponding object2 (v) and
vice versa. We average attention activation matrices A into pairwise affinity matrix
A € R™/ to extract a hard-attention between object unit regions. Thus, message

module learns a weight of attention for each pair and then gather information from
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FIGURE 3.5: Multi-Head Attention consists of several attention layers
running in parallel.

most relevant regions based on those weights as:

(3.6)

To prevent information dilution and negative knowledge transferring, we implement
multiple independent attentions or the attention calculations [119], [158]. Accord-
ing to the multi-head structure shown in Figure 3.5, inputs are entered in a linear
transformation and then fed into H-scaled dot product attention heads (Eq.3.7).
For each head h, (h = 1,..., H), the attention-based alignment function obtains
different and independent representations of inputs. Finally, the H-th order ex-
pansion results are concatenated, and the outputs by the linear transformation are

used as the multi-head attention weights.

Multi — head(u,v,v) = concat(heady, ..., heady,) (3.7)
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FIGURE 3.6: Visualization of the proposed pairwise object features
alignment procedure.

In Eq. 3.7, we employ H = 4 as attention layers, or heads. For each layer,
dnoder /4 = 64.

3.2.3.2 Pairwise Object Alignment

Finally, the pairwise visual context representation (¢(u), ¢(v)) for each object

pair (o;, 0;) are generated according to Eq. 3.9, separately:

olu) = concatthl(a(Z A" v)) (3.8)
JjeN;
ov) = concatle(o(z u.A")) (3.9)

where ”concat” represents a concatenate operation, ¢ is a nonlinear activation
function, and A" denotes the weight obtained by the h-th head of attention mech-
anism. In general, hard-attention can help to reduce the set of feature components

that are needed to be processed.

In addition, the strong Visual Relationship Detection (VRD) task needs to consider
the individual object feature. Hence, we use the benefits of information and visual
context from both object categories to boost the predicate feature mutually. For
this, we fuse each object feature in a pair with it’s aligned features in channel
dimensions using convolutional layers with a ReLLU activation function to form the

final feature maps. Hence, the selected pair (u, v) will be assigned into a new pair
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of (¢'(u), ¢ (v)) from Eq. 3.11:

!

¢ (u) = LeakyRe LU(MLP[u, p(u)]) (3.10)
¢ (v) = LeakyReLU(MLPv, o(v)]) (3.11)

where [.] denotes the concatenate function. The visual context S (Eq. 3.3) is,
then, computed as a weighted sum of aligned objects. We used LeakyRelu as an
activation function from Eq. 3.12 which is a variant of ReLU. where a is constant
gradient (a = 0.01).

a z2<=0

{z z>0 (3.12)

3.2.4 Scene Graph Generation

After completion of state re-alignment of all object pairs, the final predicate logits
pi; is generated by fusing two inputs, one is the output of alignment module
(generated pairwise feature embeddings as shown in Figure 3.6), and another is
contextual union region features x;; from ROIAlign [19] layer before we project

R4096

the visual context feature into a feature space of using convolutional layer

(Convs) (Eq. 3.14).
pij = (¢ (w) & ¢ (v) ® x) (3.13)

x;; = Convs(RoIAlign(p, by U by)) (3.14)

b, U by indicates the union box of two Rols. In Eq. 3.13, & denotes fusion function

proposed by [174] that we use here instead of naive pairwise feature concatenation:
T @y = ReLU(x +79y) — (v —y)* (3.15)

Then, p; ; is fed into Decoder, a fully connected layer followed by a softmax clas-

sifier layer to predict predicate label 7 ;.

As mentioned before in Section 3.2.1, following MOTIFS [6] and VCTree [5], we
utilize LSTM and TreeLSTM as Decoders to capture the co-occurrence among
object labels. The input of each LSTM/ TreeLSTM cell is the concatenation of

feature and the previous label: [v;; L_1]. Besides, following [10], the language
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prior is calculated as: L = W, [l; ®[;], where ® generates the one-hot unique vector

RNXN for the pair of N-way object labels.

After predicting relationship for all object pairs, we finally obtain the generated
scene graph in the form of G =V = (¢;, b;), E = 7, |i,j = 1..n, where V and E
denote the set of nodes and edges, respectively. c¢; € C' is the object class of i¢th
node (i = 1,...,n), b; € R* is the location of node v;. 7;; € R is the predicate label
between ith and jth node (i # j).

3.3 Experiments on Scene Graph Generation

We conduct several experiments to study whether the introduced method is able to
effectively generate the discriminative pairwise features in the task of SGG. We per-
form a fine-grained as well as zero-shot analysis by replacing our proposed aligned
pairwise features in predicate prediction with the final context features proposed

by various state-of-the-arts models [5-7] and a classical model [9] (Section 3.3.5).

3.3.1 Benchmark

Visual Genome (VG) [67] is a widely used benchmark for SGG. It consists more
than 10° images, each contains multi objects predicate relation categories, also it is
annotated inconsistently [9, 70, 74, 75, 175], i.e.resulting in a wide range of classes
with little variation and few examples. Therefore, some attempts have been done to
clean these annotations [9, 74, 75, 91, 101, 175-178]. They explored to make clean
data by applying predicate class merging and filtering, thus improve the overall
performance by using their own VG benchmark. Moreover, there is no unique and
standard split for train, validate, and test sets of VG dataset. Recently, two works
of [179] and [180] proposed to dedicate a new split on a large-scale version of VG.
However, [180] work has not been benchmarked yet. Like many other works, we
have adopted a split following [9], which selects top-150 object categories and top-
50 predicate categories by frequency [5]. VG is divided into the training set and
test set by 70%, and 30%, respectively. We further used 5,000 images from training
set as the validation set for hyper-parameter tuning. We train the detector on the
VG dataset [67] using the SGD optimizer with a batch size of 6, momentum of 0.9,
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SGDet SGCls PredCls mean
Model Backbone R@50 R@100 R@50 R@100 R@50 R@100
IMP+ ]9, 66] VGG16 20.7 24 .4 34.6 35.4 59.3 61.3 39.3
FREQ [5, 6] VGG16 26.2 30.1 32.3 32.9 60.6 62.2 40.7
MOTIFS [6] VGG16 27.2 30.3 35.8 36.5 65.2 67.1 43.6
Kern [66] VGG16 27.1 29.8 36.7 37.4 65.8 67.6 441
VCTree [5] VGG16 27.9 31.3 38.1 38.8 66.4 68.1 45.1
LinkNet [122] VGG16 27.4 30.1 41.0 41.7 67.0 68.5 45.9
ARN [71] VGG16 - - 38.2 40.4 56.6 61.3 -

E ATR-Net [70] ResNeXt-101 21.4 26.4 36.0 37.0 65.8 67.8 42.4

s IMP+ [9, 10] ResNeXt-101 25.9 31.2 37.5 38.5 61.1 63.1 42.9

é Align-IMP+ ResNeXt-101 26.1 32.0 38.0 39.0 61.2 64.1 43.4

S)

© VTransE [7, 10] ResNeXt-101 26.9 30.9 38.2 39.1 57.3 61.7 42.4
Align-VTransE  ResNeXt-101 32.0 36.1 38.4 39.3 62.2 64.5 45.4
MOTIFS [6, 10] ResNeXt-101 32.7 37.2 38.9 39.8 65.1 67.0 46.7
Align-MOTIFS ResNeXt-101  33.1 37.5 39.6 40.3 66.0 68.1 47.4
VCTree [5] ResNeXt-101 31.5 36.2 46.6 47.6 65.4 67.2 49.0
Align-VCTree ResNeXt-101  32.1 36.4 45.5 46.4 66.3 68.7 49.2
IMP+ [9, 66] VGG16 22.0 27.4 43.4 47.2 75.2 83.6 49.8
FREQ [6] VGG16 25.3 30.9 40.5 43.7 71.3 81.2 48.8
KERN [66] VGG16 30.9 35.8 45.9 49.0 81.9 88.9 55.4

_*é ARN [71] VGG16 - - 41.4 46.0 61.6 68.9 -

5]

St

g IMP+ [9, 10] ResNeXt-101 27.0 33.9 46.8 51.2 76.8 85.0 53.5

8 Align-IMP+ ResNeXt-101 26.8 34.0 47.6 51.6 77.8 85.8 53.9

)

Z VTransE [7] ResNeXt-101 29.6 35.7 47.8 51.5 68.4 78.7 52.0
Align-VTransE ResNeXt-101  36.0 42.5 47.8 51.5 78.1 86.2 57.0
MOTIFS [6, 10] ResNeXt-101 36.6 43.4 48.5 51.9 81.0 88.2 58.3
Align-MOTIFS ResNeXt-101  34.3 40.7 49.4 53.0 81.9 89.0 63.8
VCTree [5, 10] ResNeXt-101 35.7 42.3 58.3 62.7 67.2 81.6 57.9
Align-VCTree ResNeXt-101  36.1 42.6 56.7 61.0 80.4  87.8 60.8

TABLE 3.1: The SGG performances (%) of various models on Recall@K. Four
SGG models [5-7, 9] with ResNetx-101 backbone were re-implemented under
codebase proposed by [10] for fair comparison. First seven rows show the baseline
models that originally were implemented using VGG-16 backbone.
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SGDet SGCils PredCls mean
Model Backbone mR@50 mR@100 mR@50 mR@100 mR@50 mR@100
IMP+ [9, 66] VGG16 3.8 4.8 5.8 6.0 9.8 10.5 6.8
FREQ [5, 6] VGG16 6.1 7.1 7.2 8.5 13.0 16.0 9.6
Kern [66] VGG16 6.4 7.3 9.4 10.0 17.7 19.2 11.7
MOTIFS [6] VGG16 5.7 6.6 7.7 8.2 14.0 15.3 9.6
VCTree [5] VGG16 6.9 8.0 10.1 10.8 17.9 19.4 12.2
IMP+ [9, 10] ResNeXt-101 4.2 5.3 6.2 6.5 10.9 11.8 7.5
Align-IMP+ ResNeXt-101 4.6 5.9 8.7 9.3 13.4 14.6 9.5
VTransE [7, 10] ResNeXt-101 5.0 6.0 8.5 8.7 12.2 13.9 9.2
Align-VTransE ResNeXt-101 6.7 7.8 9.1 9.5 13.9 15.0 10.4
MOTIFS [6, 10] ResNeXt-101 5.5 6.8 8.0 8.5 14.6 15.8 9.9
Align-MOTIFS ResNeXt-101 7.5 8.8 9.7 10.2 16.6 18.0 11.8
VCTree [5} ResNeXt-101 5.7 6.9 7.5 7.9 14.9 16.1 9.8
Align-VCTree ResNeXt-101 6.7 7.8 11.1 11.7 16.9 18.0 12.0

TABLE 3.2: The SGG performances (%) of various models on mean-
Recall@K. We use the same notations as in Tab. 3.1

and weight decay of 0.0001. The learning rate is initialized as 0.001 and is divided

by 10 when the mAP of the validation set plateaus. We use the training/test split

in [6] for evaluation.

3.3.2 Protocols

Generally, five evaluation tasks have been introduced in Scene Graph Generation

so far, but prior works mostly evaluate on three tasks. We preserve the tasks’

names as defined in [95] and [9], despite inconsistencies on whether they are more

related to classification or detection tasks:

e Predicate Detection (PredDet) [95]: Given an image associated with the

ground truth bounding boxes and labels of objects, as well as which object

pairs do interact, it outputs each pair’s predicate class.

e Predicate Classification (PredCls) [9]: Given an image associated with

the ground truth bounding boxes and labels of objects, it decides which object

pairs interact and outputs each selected pair’s predicate class.

e Scene Graph Classification (SGClIs) [9]: Given an image associated with

the ground truth bounding boxes, it classifies objects, decides which pairs

interact and further classifies each pair’s predicate.
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e Scene Graph Generation (SGDet) [9], also known as Relationship De-
tection (RelDet) [95]: Given a raw image with no prior information, it detects
objects, decides which pairs interact, and further classifies each pair’s predi-

cate.

e Phrase Detection (PhrDet) [95]: Similar to SGDet however it evaluates
the ToU of the predicate bounding box per pair. Like most prior works

(e.g. 6, 9]), we evaluated AttAlign on all the three above standard tasks per
dataset: PredCls, SGCls, and SGDet.

3.3.3 Metrics

From [95], a standard metric for evaluating SGG is conventional Recall@K (RQK)
where K gets three values: 20,50,100. R@QK measures the number of times that
correct predicate comes from the top-k confident predictions. Early works like [95,
175, 178, 181], considered Visual Relationship Annotation as a multi-class classi-
fication problem and they give k£ as 1 to reward the correct top-1 prediction for
each pair of objects. However, more recent works [74, 182], tackled VRD by know-
ing that each pair can include more than one relationship category (multi-label
problem). Thus, they asserted k equal to the number of relationship classes to
allow for predicate co-occurrences [70]. Due to inconsistency in annotation, past
works like [6, 70, 179] have made a modification into RQK, by considering k as
the maximum number of predicates validated between a pair of objects. Thus, in
this thesis similar to the some validate works, graph constraint denotes the case in

which k£ = 1, while no graph constraint is for larger k (k > 1).

Besides, there are other perspective in Recall metric: Micro-Recall or Macro-Recall
that mostly used by Pioneer works on VRD [95] and on VG200 [9], respectively.

N
RM”LCTO — z]\?l P (316)
§ :i:l gt;

Given the number of testing images and the number of ground-truth predicates
as N and gt per image ith. Micro-Recall counts true positives tp per image 1,

as Eq.3.16. Similarly, Macro-Recall rewards the detected annotation in terms of
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In this work, we picked Recall@50 and Recall@100 following [95] to evaluate our

model performance.
Y X
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Furthermore, due to the fact that the SGG models trained on imbalanced datasets
such as VG, it generate lower performances for less frequent predicate categories.
To this end, we evaluate architectural robustness of the proposed ALIGN R-CNN
using unbiased /comprehensive metric called Mean Recall (mR@K) which was
introduced by [5, 66]. In Eq.3.19, Mean Recall calculates the recall from Eq.3.18
on each category k, and subsequently averages the values. Thus, all categories
are measured equally [5]. mR@K reduces the negative effect of some meaningless
yet frequent relationships, e.g. “on”, and more importantly leads attention to in-
frequent but reasonable categories, e.¢g. “standing” and “carrying”, which are

semantics for high-level reasoning.

K
1
mROX = ﬁ; RQX, (3.19)

3.3.4 Implementation Setting

Scene Graph Generation- Each triplet composition is annotated in the form of t
= <subject-relation-object> inside a scene graph, which is generated correctly
if the classes of entities and relations between entities match those of ground truth.
For object detection, following the previous works [6, 9, 10], Faster R-CNN [17]
is pre-trained and frozen as a detector and following [10] it used a ResNeXt-101-
FPN [16, 183] backbone. For more detail, the sizes of detected objects that resized
to the network size (called as anchor box size) and aspect ratio are adjusted similar
to [184], and the ROI pooling layer is replaced with the RolAlign layer [19]. The
detector was trained on the VG dataset [67] using the SGD optimizer with a batch
size of 8 and the learning rate is initialized as 0.008 and is divided by 10 when the
mAP of the validation set plateaus [10].
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For relationship predication, three branches: union-boxes, object class labels,
and pairwise features are passed into the final predictor. Unlike [5, 6], we pooled
RolAlign [19] object pair features to coarse 4 x 4 units with 256 channels, and
passed object pairs into the alignment module (details in Sections 3.2 and 3.2.4).
Our models are trained by SGD optimizer, where the batch size and learning rate
are initialized to be 16 and 0.16, 12 and 0.12, 8 and 0.08 for SGCls, PredCls and
SGDet, respectively. For SGDet, top-64 object proposals were selected after non-
maximal suppression (NMS) with 0.3 IoU. We set background/foreground ratio for
predicate classification to 3, and capped the number of training samples at 64
(retained all foreground pairs if possible). Our model is optimized by SGD with
momentum, using learning rate Ir = 6-107% and batch size b = 5 for supervised
learning, and Ir = 6-107%,b = 1 for reinforcement learning. Besides, all SGG
models are trained using the conventional cross-entropy losses for predicates and

objects predicted by the object context layer [6].

3.3.5 Comparison with state-of-the-arts
3.3.5.1 Comparing Methods

The novelty of our proposed method in active alignment for relationship predi-
cation is applicable to a variety of SGG methods. As previously mentioned, we
follow a very recent codebase proposed by Tang et al. [10], to implement our
network on four baselines: two classic IMP+ [9] and VTRANSE [7] and two state-
of-the-art models: Stacked Motif Networks (MOTIFS) [6] and Visual Context Tree
model (VCrye) [5], which were called ALIGN-IMP+, ALIGN-VTRANSE, ALIGN-
MOTIFS, and ALIGN-VCrpy, respectively. The goal is to evaluate ALIGN R-
CNN with respect to its predicate feature generation across four different model
formulations with their original representations. Furthermore, we compare our
model with some other well-known works such as VRD [95] MESSAGE-PASSING [9],
FREQuency baseline (FREQ) [6], Knowledge-Embedded Routing Network (KERN)
[66], and two attention-based models: Attention Translation Relation Network
(ATR-NET) [70] and Attentive Relational Network (ARN) [71].

In summary, most state-of-the-arts to SGG [5, 6, 66, 185] use three types of fea-

tures to represent relationships:



Chapter 3. Align R-CNN: A Pairwise Head Network for Visual Relationship
Detection 45

1) Visual Features: The CNN features of the two objects or their combination.
2) Spatial Features: Coordinates of the two objects which encodes their spatial
layouts.

3) Semantic Features: Class labels of the two objects which provide a strong
prior of the predicate.

Most of those methods, if not all, combine the three features in an early stage
to learn a compositional feature for relationship prediction. The contribution of
each feature is thus implicit and probably not optimized. Furthermore, according
to message passing, [5, 6, 9, 66] use joint context coding. In contrast, [95] and
FREQUENCY [6] use independence context coding. We re-implement them by re-
placing the proposed aligned pairwise feature embeddings with the context features
proposed by each mentioned models and using the same hyper-parameters and the
pre-trained detector backbone, for fair comparison. The quantitative results are
provided in Tables 3.1- 3.3, in which our results in two constraint (limitation with
number of relation per object pair) and no-constraint (no limitation with number of

predicted relationships) modes are compared with the mentioned state-of-the-arts.

3.3.5.2 Quantitative Studies

The quantitative results are provided in Tables. 3.1, 3.2, and 3.3. Our method
outperforms the state-of-the-art models significantly on mean-Recall and zero-shot
setting. According to Table. 3.1, in which performances are evaluated with con-
straint (just consider one relationship per pair) and without constraint (no lim-
itations) [186] conditions, it is observed that despite the simple architecture of
the proposed method, it can achieve comparable performance under the constraint
mode. For two tasks of SGDet and SGCls, proposed ALIGN-MOTIFS and
ALIGN-VCTREE serve as state-of-the-arts.

Fine-grained Relationship Prediction Recall metric is dominated by the per-
formance of most frequent predicates. As the discriminative model cannot be
effectively evaluated by Recall, mean Recall is a more important metric than over-
all Recall especially when the class distribution of the database is severely skewed.
In Tab. 3.2, the model performance of fine-grained relationship predictions evalu-
ated using unbiased metric (mean-Recall [5, 66]) and compared with four baselines.
Surprisingly, for all tasks: SGDet, SGCls, and PredCls, ALIGN R-CNN models

achieve significant improvements compared with model baselines.
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To give a comprehensive analysis of this circumstance, Figure 3.7 focuses on the
comparison of the proposed models versus. model baselines, visually for case-by-
case analyses. According to Figure 3.7, our model can see fair improvements on
some fine-grained relation classification. For example, ALIGN R-CNN is able to
detect less frequent but more informative predicates like covered in, walking on,
against, etc.in comparison with the top 35 most frequent samples in the training
set. However, VCr,... and MOTIFS baselines are obviously inclined to most frequent
predicates, like on and behind that show why their recall on SGCls and PredClas
are comparable to ALIGN R-CNN. Specifically, in the model by MOTIFS, 54% of
predicates such as parked on, walking on, and sitting on are misclassified to
"frequent but the less informative” predicate such as on, while our model only fails
on 37% of that.

Zero-Shot Recall. In addition, we prove the strength of reasoning through more
discriminative visual features in zero-shot learning. Here we address the problem of
zero-shot learning by generalizing discriminative pairwise visual feature that pre-
vents penalizing components containing infrequent or zero-shot visual predicates.
According to Tab. 3.3, our performance results outperforms over all baselines sig-
nificantly as they demonstrate that generalizing discriminative pairwise visual fea-
tures by object part alignment provides a stark improvement over naive and even

other context models.

In particular, comparing with two state-of-the-art baselines: MOTIFS and VC-
Tree, there are over 57% and 22% performance improvements on SGClszR@Q50
and PredClszR@50 respectively. In real world images, some triplet compositions
(e.g. person-riding-motorcycle) occur more frequently than others (e.g. dog-
riding- motorcycle or person- beside- motorcycle), which creates a strong
frequency bias. This co-occurrence effect was analysed statistically for the first time
by [6] (see FREQ in Table. 3.1 and Tab. 3.2). We study the effect of Frequency
bias (FREQ), proposed in [6], on zR performance by adding and removing it. As
such the FREQ was considered beyond the default model, our results in Table. 3.3
highlight that FREQ drops predicate performances in zero-shot. For example,
by removing FREQ from our ALIGN-MOTIFS (no FREQ ) and ALIGN-VCrye,
PredClszR@50 is improved from 3.9 to 18.6 and from 4.1 to 17.5, respectively.
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SGCls PredCls
Model zR@50 zR@100 zR@50 zR@100
IMP+ 3.3 3.9 17.6 20.3
Align-IMP+ 4.9 5.8 18.4 21.2
VTransE 4.9 5.7 11.5 14.8
Align-VTransE 5.1 6.1 18.8 22.0
MOTIFS 0.7 1.1 3.2 5.3
Align-MOTIFS 1.1 1.6 3.9 6.2
MOTIFS(no FREQ) 2.2 3.1 11.0 14.7
Align-MOTIFS(no FREQ) 5.3 6.2 18.6 21.7
VCTree 1.2 2.1 3.2 5.5
Align-VCTree 2.3 3.0 4.1 5.7
Align-VCTree(no FREQ) 6.3 7.5 17.5 20.8

TABLE 3.3: Quantitative results of Zero-Shot Recall.

3.4 Qualitative Analysis

To better understand the impact of the ALIGN R-CNN approach, we compare the
effectiveness of our work (three samples shown in top) to predict more accurate and
discriminative relationships with the MOTIFS baseline [6] (three samples shown

in bottom) via Figure 3.7.

MOTIFS achieves remarkable improvement when equipped with the proposed
ALIGN R-CNN network: (1) ALIGN-MOTIFS encourages the model to predict
more accurate and informative relationships compared with baseline. In the first
row, we show the ability of ALIGN-MOTIFS to generate discriminative pairwise
features and as a result detect accurate (e.g. wearing), informative (e.g. looking
at, eating, belong to) relationships, while MOTIF'S is more likely to fail on some
infrequent predicates (to instead of looking at). Those infrequent predicates,
normally carry more semantic information. Thus, our method tends to predict in-
formative predicates rather than trivial ones, which is more capable to understand
complicated scenes. Interestingly, learning object-part alignment caused pairwise
features to be class-specific (rather than object-specific), that predict specific pred-
icate which matches with aligned pairwise features. However, ALIGN-MOTIFS
fails to detect some non-trivial relationships like on. In Figure. 3.9 we visualize
several SGCls samples that were generated by the proposed ALIGN-MOTIFS
model. First section, which is entitled by fine-grained, demonstrates the model’s
ability to precisely predicts informative predicates such as riding and sitting

on than frequent but less informative like on by generating discriminative pairwise
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FiGure 3.7: Qualitative results showing comparisons between MO-
TIFS baseline and Align-MOTIFS in SGCls. The denotations of the
bounding box/node colors are as follows. Green: detected boxes with the ground-
truth, red: ground-truth with no match. Green, red, and blue edges are labeled
with true, false, and informative predicted by each model at the R@20 setting,
respectively.

features. Interestingly, there is no much similar pairwise features for one single
pair interacting (e.g. woman-dog) in multiple ways (e.g. holding and looking at)

in our model.

Second section (entitled zero-shot) shows the power of ALIGN R-CNN that has
been effected to detect unseen components (e.g. cat-looking at-animal) by com-
posing and grounding existing visual concepts from other patterns. In summary,
results point that there is some similar pairwise features for multiple pairs inter-
acting in the same way. ALIGN R-CNN learns features by alignment to enable
the predictor to:

1) distinguish the generated features for single pair interaction in multiple ways
(e.g. different pairwise alignment in man-surfboard pair leads the model to predict
multiple relationships (e.g. riding, holding, etc.)).

2) predict visually and semantically same relationship for multiple pairs (e.g. pair-
wise alignment for looking at predicate in woman-phone pairs can lead model to

further predict woman-dog or cat-looking at-animal (zero-shot) in test set).
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FiGurE 3.8: Visualization of aligned pairwise feature embeddings in
Align-MOTIFS for Fine-grained prediction. For each section, the first
column shows the grounding object regions (Green boxes point detected boxes
with the ground-truth, red boxes point ground-truth with no match). Second
and Third columns point the pairwise alignment estimation which explore and
transfer informative regions that are inferred via Top-K pairwise regions’ Mes-
sage Passing. Last column highlight corresponding relationship that is predicted
for sample selected pair.
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FIGURE 3.9: Visualization of aligned pairwise feature embeddings in
Align-MOTIFS for Zero-shot prediction. For each section, the first col-
umn shows the grounding object regions (Green boxes point detected boxes
with the ground-truth, red boxes point ground-truth with no match). Second
and Third columns point the pairwise alignment estimation which explore and
transfer informative regions that are inferred via Top-K pairwise regions’ Mes-
sage Passing. Last column highlight corresponding relationship that is predicted
for sample selected pair.
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FiGure 3.10: Comparison of R@100 on PredCls task for the most
frequent 35 predicates between ALIGN-VCTREE and VCTREE [5]
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FiGUurRE 3.11: Comparison of R@100 on PredCls task for the most
frequent 35 predicates between ALIGN-MOTIFS and MOTIFS [6]

3.5 Ablation Studies

To give a comprehensive analysis of this circumstance, we further focus on the
comparison of the proposed models versus model baselines, visually for case-by-case
analyses. According to Figures 3.10, 3.11, and 3.12, our pairwise head network can
see fair improvements on some fine-grained relation classification. For example,
ALIGN-VCr,.. and ALIGN-MOTIFS are able to detect less frequent but more
informative predicates like covered in, walking on, against, etc. in comparison
with the top 35 most frequent samples in the training set. However, VCr,... and
MOTIFS baselines are obviously inclined to most frequent predicates, e.g. on and
behind that show why their recall on SGCls and PredClas are comparable to
ArigN R-CNN.
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FIGURE 3.12: Comparison of R@100 on PredCls task for the most
frequent 35 predicates between ALIGN-VTREANSE and VTRANSE [7]

3.6 Conclusion

In this chapter, we demonstrated the importance of learning feature alignment for
dynamic object feature concatenation in relation prediction, where objects may not
only have large overlaps in their spatial locations but also have a lot of common-
alities in their semantic concepts. To this end, we introduced the ALIGN R-CNN
framework with an object context encoding alignment module to explicitly learn
complementary object alignment for predicting each object pair relation. After gen-
erating the complementary aligned features, the generated pairwise features and
the region features are effectively combined as the final relation feature. ALIGN
R-CNN transfers information between the pairwise nodes using hard attention
in a differentiable manner to make the relationship prediction discriminative and

robust against imbalanced dataset.



Chapter 4

Multimodal Contrastive Learning
for Robust VQA

4.1 Introduction

Visual Question Answering (VQA) [12, 123, 143] is an active problem in multi-
modal learning tasks that refers to predict and answer a to language question ¢
about given image content v. Towards multi evaluation metrics for VQA, different
research efforts have been made to build more accurate VQA model [124-127,
129, 187]. For instance, to improve to the VQA accuracy, model supposed to be
discriminative (e.g. generate more correct answers as ground truth). However,
as we mentioned in Chapter 2.3.1, despite significant progress in VQA, balancing
between accuracy as well as robustness of VQA models much needed to explore.
Thus, to improve the VQA overall performance and robustness i.e.against input
variations, model supposed to be disciminative as well as consistence. Generally,
the proposed solutions fall into the following categories: data augmentation [11,
188], robust learning process [32, 189], and classifier [190]. Among them, [11] tries
to alleviate this issue by data augmentation (Chapter 4.2). Due to learning process,
some robust training paradigms like Adversarial Training have been a proposed to

better feature representation for similar samples in train set.

Inspired with recent progress in vision and language communities in robustness

under adversarial training, and contrastive learning, we improve robustness-aware

23
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supervised training by learning representations that are consistent under question

input variations.

To summarize, our major contributions are threefold:

e We address the VQA robustness problem via dual/variant contrastive learn-
ing, which sufficiently learn better representation for both vision and language

inputs.

e We propose variant true positive and negative samplings to optimize con-

trastive loss.

e We apply two separate generator modules for visual and texture modalities
(v,q,a) = (vt,q,a) and v,q,a — (v,q",a), for any given Image-Question

and Question- Answer pair, respectively.

In the rest of this chapter, we dedicate a recap on the straight-forward model,
mentioned solutions for model robustness and then proceed to our model in Sec-
tion. 4.4.3.

4.2 Data Augmentation

Data augmentation is generating new training data from existing data samples.
Both area of computer vision and natural language processing have made enormous
progress on distribution problem by generating positive samples for data. In VQA,
a straightforward strategy to improve model’s robustness is to augment the training
data with positives, which are examples that the prediction model does not classify
correctly with high confidence, but that are visually similar to easy positives. To
make VQA systems robust, few existing approaches [8, 11, 148] have trained variety
of existing VQA models like [125, 129, 130, 187] by augmenting the training data
with variations of the input question. Among them, there is no augmentation in
visual modality except one recent work [148]. In following, we provide more details

about language and visual augmentations.
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4.2.1 Question Paraphrases

In the area of natural language processing (NLP), there are wide works for creat-
ing paraphrases of a sentence like using Long-short term memory (LSTM) [191],
Deep Reinforcement Learning [192], Variational Autoencoders [193], Neural Ma-
chine Translation (NMT) [194-196], and textual DNN attackers [197, 198].

Question Paraphrases [11, 148] studied the VQA robustness in relation to question
paraphrases and propose two augmented datasets by generating various rephrasings
of questions. Shah et al. [11] use a visual question generation (VQG) model to
generate paraphrased question given an image and ground-truth answer. Then
they proposed cyclic-consistent training scheme to enable model predicting same

answer for original and its rephrasing questions.

Similar to the method in [148], that used Neural Machine Translation [196] Back-
Translation (BT) model to generate paraphrases for visual questions without any
supervision. In this work, we use both augmented positive samples; VQG and

BT, to evaluated our proposed approach.

4.2.2 Visual Augmentation using perturbed samples

Augmentation is widely used in the computer vision area especially in the task
of image classification [25] by using mirror reflection, random crops, rotations,
etc. However, as mentioned earlier, due to the semantic structure of VQA triplets,
visual augmentation may not be helpful to make consistency of the original triplet [148].
It was proposed in [148] to use generated adversarial samples as the augmented

data — for both the image and the question.

In an adversarial attack, given a clean input sample x, the adversary tries to add

human unnoticeable perturbations ¢ in order to fool a DNN-based model:

Todo =T + 0 (4.1)

where 0 is the adversarial perturbation. This kind of attack can leverage data
augmentation techniques to process the input samples and make them resistant to

adversarial attacks. In this thesis, we re-use question paraphrases as augmented
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Data Augmentation
Rephrase VOA
question with
backtranslation model

References

How many animals How many caws are
are in this photo? ™~ in this photo?
two two

How many bus station ~ How many places can
is there? a person walit for a

bus on this strest?
two two

FIGURE 4.1: Three examples of Paraphrase Generation in NLP

data and further exploit the advantages of adversarial perturbation for generating

hard samples for training structure.

4.3 Robust Training Strategy

A small number of methods have been investigated for adversarial training on the

VQA task. However, they merely attack the image and do not discuss how the
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FIiGURE 4.2: Overview of proposed VQA framework

adversarial examples can benefit the VQA model.

Adversarial Training (AT) that has been developed by [63, 199] is one of the most
effective paradigms for defending DNN models against adversarial examples. AT
involves generating constrained loss that maximizes adversarial examples from each
batch of training data via Eq. 4.2, computing the expected adversarial loss £ over
all perturbed samples x,4, in the batch and subsequently training the model to
minimize L.

Tagy = T+ 0" whered™ = argmaxL(x + 0) (4.2)

TRADES proposed by [200] maximized the KL divergence loss (L) between
clean and adversarial logits, as opposed to the adversarial cross-entropy loss, during
PGD (inner maximization). Their training loss is the following joint formulation

of clean and robust loss:

Lrrapes = Lop((Veean; q); a; 0) +

(4.3)
ﬂ'CKL((vclecm; Q); (Uadv; Q); '9)
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4.3.1 Attack methods

In this part, we review different types of adversarial attacks introduced by [63,
199, 201-206]. In general, attacks refer to finding adversarial examples for well-
trained models [207] and are divided into two types of “black-box” and “white-

2

box”. The difference comes from having all the information about the targeted
neural network or not. Among proposed white-box attack methods, CW [201] and
PGD [63] attacks have achieved the robustness goal of machine learning models.
Besides, some attack methods rely on the predicted scores (e.g. logits) of the model
to deal with adversarial examples. While, some are more agnostic and only rely on

the final decision of the model.

In this thesis we consider adversarial attack to generate unbiased samples’ represen-
tations. Due to Eq. 4.5, adversary tries to generate a perturbation J to maximize
the loss function like Eq. 4.4, so that

Lrrapes = Lop((Vaean; q); a; 0) +

(4.4)
BLEL((Vetean; @); (Vado; q); 0)

Taking prediction as an example, f(Vgean; ¢;0) that predicts label a, which 6
indicates the parameters of f. Given the perturbation budget d, the adversary tries
to find a perturbation 6* to maximize the loss function £, so that f(z + ) # f(x).

Therefore, 0* is estimated as follows:
6 == argmazL(0; x + 6; y) (4.5)

where y is the label which in thesis is denoted by answer a of input sample x which

refers to input image v and question ¢:

oy = argmazL(0; v+9; ¢; a)
6, = argmaxL(0; v; q+6; a)

In some cases, ¢ is small so that the perturbations are invisible.

The common but effective attacks following this formulation, such as Fast Gra-
dient Sign Method (FGSM) [199], iterative FGSM (IFGSM) [202], and Projected
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Gradient Descent (PGD) attack [63]. In this thesis, we have apply both PGD and
IFGM attacks.

4.4 Approach

In this section we describe our proposed ADVCL model, which introduces an ex-
tended version of contrastive learning method to deal with VQA model robustness
across question language variations. First, it re-uses the paraphrases of questions to

N
augment the training set. Given a dataset D = {(vi, i ai)} contains N triplets
1

of image v;, question ¢; and ground-truth answer a;. Foll(;wing ([11, 208]), we

augment the dataset D with paraphrased samples question Q7%(q) where q € D.

As illustrated in 4.2, the architecture of the proposed VQA model consists of two
networks: Contrastive and cross-entropy training to enhance model robustness
while keeping discriminative predictions. Given <image, question, answer>
triplet, we first generate the hard samples by adversarial perturbations to obtain
semantically equivalent hard positive triplets. We describe in detail in the following

sections.

4.4.1 Preliminaries

VQA is about answering a text question ¢ about an corresponding image v. Classic
VQA models [12, 128, 129] pursue the following paradigm.

For every triplet i, image feature and question feature extractors are applied. Multi-
modal feature fusion network f later is applied to output a joint vision and language

representations:

f=f(vi,a) (4.7)

The joint representation f (from Eq.4.7) is then used to answer prediction that
drives a softmax classifier C'(f) learned by minimizing the cross-entropy loss Log

as following:
ofe(la)

> eq € ] )

where f¢(h)[a] is the logit corresponding to the answer label a.

Lo = —log( (4.8)
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Data Augmentation. Due to the risk of affecting semantic structure of original
<image, question, answer> triplet and answer, we eliminate the visual augmen-
tation. However, as shown in Figure 4.1, we follow works [8, 11] to augment the
VQA dataset D with paraphrased samples question ¢ € D. As we mentioned

before, the augmented dataset from Eq. 4.9 is annotated as D*9:
DY — DU QPa’/‘a (49)

Considering a set of paraphrases for each question ¢ from training set as Q(q),
model remains unchanged the triplet corresponding to each paraphrased ¢’ as the

original one:

QT = f(viqsa)ld € Q (4.10)

Figure. 4.1 shows some examples of paraphrasing given questions while they remain

stable main semantic meaning that predict the same answers.

4.4.2 Supervised Contrastive Loss

Contrastive learning strategy is originated from computer vision community [4,
160, 167]. Moreover, as we mentioned in Chapter 2.6, overarching goal under con-
trastive learning is to learn in a way that encoded feature to be similar to positive
sample while keeping away from negative ones by minimizing the self-supervised
contrastive loss Lycpg using the noise contrastive estimation (NCE) [160]. Given

the representation f, then it is fed to the projection network g as:
z=g(f) € R* (4.11)

For a mini-batch of size K, the VQA model can be optimised by minimizing self-
supervised contrastive loss Lycog:

o#(z0.2)/7) |
2521 ]Ik7éi_e¢>(2i-2k)/7

Lyer = —log( (4.12)

Given a mini-batch of size K, Lycg operates on a pair of positives, which are
indicated by (z;,2,) and K — 1 negative pairs (z;, 2¢), i,p, k € [1, K],k # i. ¢()
computes similarity between two representations and 7 is a scalar temperature

parameter which is bigger than 0. The self-supervised contrastive loss Lycg [160]
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doesn’t introduce the label and there is only one positive by default. However,
supervised contrastive loss Lgcr, introduced by [163], takes samples with labels

and also contrasts the reference with more than one positive.

| 'Xil l #(z1-2)/7) | 1
Yo = — og( 13
SCL — Zk . Hk;éz e$(zi-za)/T

Given a reference sample x, Lgcp, uses given ground-truth label information (ground-
truth answer a) to make a set of intra-class positives X ™(x) that contains samples
with the same class label as reference. The calculation of Lg¢y, is shown in Eq. 4.14
that indicates the total loss of a minibatch K is the sum of the loss from Eq. 4.13

of each sample 1.
|XF ()| ;

Lscr = ; (m) (4.14)

In this work, we would like to catch the constant prediction as well as discrimination
for VQA.

The goal of our proposed model is to explore unbiased learning by exploring the
present learning paradigm of consistency in input modalities to overcome some
limitations in robustness. Besides, it should be robust against the negative bias ef-
fects that caused by dataset distribution. We use contrastive learning methodology
to learn the unbiased representation by contrasting the original and paraphrased
features with the negative ones, as inspired by recent works such as [8]. However,
opposite of the naive contrastive learning, we generate hard positive samples from
embedding space that using random intra-class (positive) and random non-target
negative samples. To this end, we add adversarial perturbations to both visual
and language embedding space. According to very recent works [168, 209], a sim-
ple solution that can increase the robustness, is replacing the cross-entropy loss
with a loss that is robust to imbalanced data distribution. However, due to the
nature of contrastive loss (CL), Cross-Entropy (CE) loss can be replaced by CL
to boost the generalization performance of the model in semi-supervised learning
approach. Due to the robustness of VQA models (described in Chapter 2.3.1), we
engaged the Lgop to locate anchor and its paraphrasings close. Besides, using the
advantages of augmented training set, Supervised Contrastive Loss (SCL) [163]
has been applied to learn better representations from anchor and its paraphrased

question [196] (described in 4.2.1). In this work, we argue that in multi-modal
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tasks the choice of positive/negative samples depends on the variations of input
modalities. Selecting “hard” negatives can lead a supervised learning method to

correct its mistakes quickly [169, 170].

4.4.3 Multi-modal Contrastive Learning with Adversarial

samples

Naive contrastive learning-based methods [163], concretely, apply random composi-
tion of intra-class (positives) and non-target (negatives) samples for given a batch
of reference samples as positives and negatives. However, we propose a revised
method to give the advantages of contrastive loss by initializing hard (true) posi-
tives and negatives instead of random sampling strategy to mitigate negative bias.
Given a reference samples v; and ¢; from image and question inputs, respectively,
ADVCL uses the given ground-truth answer label information to generate a set of

intra-class positives that contains samples with the same class label as reference.

Vado = U + 05, whered, = argmax ,L(v + d,) (4.15)
5

Gadv = q + 0, whered; = argmax ,L(q + d,) (4.16)
5

From the augmented data Q7%¢, described above, four positive samples have
been generated for every input ¢; as qpampf,zl. Additionally, according to Fig-
ure ?77.b, ADVCL generates visual and textual adversarial examples on-the-fly to
obtain semantically equivalent samples for two modalities, separately and jointly,
as a set of ADV (z) = {(Uadm q), (Vs Qadv), (Vado, qadv)}. 4 paraphrased questions
e.g. (U, qpara) and generate (Vagy, ¢udn) adversarial pair from Eq. 4.15 and Eq. 4.16.
All of these pairs are equivalent, as they maintain the same ground-truth answer

and are generated based on the same triplet in embedding space.

According to Adversarial Training Strategy [63], £ denotes the loss function that
controls the relative weight and it mostly is cross-entropy, depends on attackers,
different loss have been used. TRADES proposed by [200] maximized the KL
divergence between clean and adversarial logits, as opposed to the adversarial cross-

entropy loss, during attack (inner maximization).

L= ECE(Q; Teleans ytrue> + EC’E(‘gv Tadvs ytrue) (417)
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FIGURE 4.3: Overview of proposed adversarial contrastive learning (b)
VS. contrastive learning proposed by [8] (a). Our model alleviates
the biases from feature by ignoring non-sense random intra-class but
adding adversarial sample.

»CTRADES = 'CCE(Qa Lcleans ytrue) +6£KL(0a Lcleans xadv) (418)

[ is an hyper-parameter that revisions the relative weight of adversarial sam-
ples [148]. However, to make sure the generated representations are robust enough,

we apply the Lg¢op, instead:

[':ESCL(G; v g, atrue) +ﬁ£SCL(9; V5 Gadv; atrue)

(4.19)
+B£SC’L(‘9; Vadvs 4; atrue)

We employ an efficient gradient-based attacker Iterative Fast Gradient Sign Method
(IFGSM) proposed by [202] to generate visual and language adversarial hard sam-
ples:

Qb = Qhay + sign(\] L850 ¢Lgyi Qiruc))
! (4.20)
it = ot + a.sign(v L(O;0 01 @ Atrue))
where IFGSM is the extension of FGSM [199] from Eq.4.21, for multi step of ¢ for
first step (¢t = 1), we have:

Gaao = 4 + c-sign(\] L0505 ¢; Gruc))
! (4.21)
vidv =0v+ ozszgn(v 5(9’ U5 q; atrue))

v

We present our adversarial training scheme in Algorithm.1. For simplicity, we

denote the process only for visual input.
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According to Figure. 4.3 (b), the proposed model generates optimal samples by
attacking to visual and language embeddings compared with using random intra-

class samples as shown in Figure. 4.3 (a).

Algorithm 1: Pseudo code of our iFGSM Adversarial Attack Contrastive
Training Batch

Inputs: Dataset D, contains a set of visual and textual examples Xjn,g, Xzt
and answer a; Num of samples N,., ascent steps K encoder f,
MModalTransformer g ;

Output: Batch for Contrastive Loss ;

Initialize X; = 2}, and z; = g(f(X;)) ;

Initialize B = ¢ ;

Initialize By = ¢

a=¢e/N;

forall 7 € {1,...,]\7} do

z =g(f(z))

Yelean %g(f(xl))

for t 6{0, ...,K} do

Z/i %g(f(xll)) ;

compute gradient Gy, = V[Lscr(9(fo(2)), y) + Lsor(g(folata)),
9(fo(x))]

Update the perturbation x; via sign gradient:
Tl =Ty + oz.sign(Gx;H)

return By, U Xapy =2 +
forall i €{1,...,|Ba|} do

T = Davg ;

x:r = XXDV

;= X

append B = B U {a:i,:vf,:v;}
return B

Our method is structurally similar to [8] which uses contrastive learning to train
VQA model to leverage informative information from similar representations of
joint V + L With modifications for supervised learning. The supervised contrastive
loss is computed on the outputs of the projection network. To use the trained model
for classification, we train a linear classifier on top of the frozen representations
using a cross-entropy loss.

Different from self-supervised learning tasks that the contrast occurs between the
anchor and anchor augmentations for positive samples, here, we select positive

samples from both augmented and generated data. As a negative sample we explore
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the random and .

X (z) = {(v_,q_,a_)]a_ =+ a} (4.22)
X (z)={(v",q"a")|a” #a} (4.23)

where
v =v+0, (4.24)

To create mini-batches for Lg¢, similar to [8], we start by filling our batch with
triplets of reference x;, a intra-class positive and a non-target negative sample.
This procedure is repeated for specified number of times N, to create a batch B.
Given a triplet of image I, question (), and ground truth answer A, generally VQA
model can be formulated as a transformation H : (Q,I) — A’, where the joint
representation H is then used to predict a probability distribution over the answer

space A with a softmaxz classifier learned by minimizing the cross-entropy loss

(,CCE>Z

To strengthen the visual and textual joint representations robustness w.r.t seman-
tic linguistic variations in the questions, we apply contrastive loss to leverage better
information. The contrastive loss encourages the encoded instance features to be
similar to positive keys while keeping away from negative ones. Moreover, we
explore the importance of choosing true positive and negative samples For multi-
modal task by generating different pairs in dual contrastive training paradigm con-
tains two branches. By utilizing the rephrasing questions with the similar answer
as anchor, question with different answers as anchor, and random images as anchor
as positive question sample; Q" positive question sample; ()—, and negative image

sample; I~ respectively, we augment original dataset D.
DU (" v ,q"q") (4.25)

Different strategies to define positive and negative samples for reference sample,

are qualified based on the quality of generated representations.

Hard samples and Batch Creation- Inspired with supervised contrastive loss
(SCL) proposed by [163], we utilize question rephrasings and introduce intra-class
generated hard positive samples from multi-modal image-question representations.

Moreover, we ignore and random positives and negatives to lead model learn useful
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consistent and discriminative representation per answer class. Using true positive

and negative samples for referenced sample depicted in Figures. 4.2 and 4.3.

Algorithm 2: Pseudo code of our iFGSM Adversarial Attack contrastive train-
ing Batch using cross-entropy

Inputs: data D= {Ximg,xtwt,y}; Num of samples NN, ascent steps K encoder
f, MModalTransformer g ;

Output: Batch for Contrastive Loss;

Initialize X; = zf, and z;=¢(f(X))) ;

Initialize B = ¢;

Initialize B4 =

forall 7 € {1, ...,N} do

zi = g(f(x:))

Yelean g(f(%))

fort=0,..., K do
2 = g(f(@) |
compute gradient G/, = V/[La(g(feCosSim|[(x+ x ), z]),y)
Update the perturbation z; via sign gradient:
x;—i—l = ZE; + a'Sign(Gx't+1)

return B4

forall i € {1,...,|B4|} do
T, = Daug )
= Xapv ;
$z_ = Xrand )

append B = B U {Xi,xj,x; :
return B

4.5 Experiments on Visual Question Answering

We conduct several experiments to study whether the introduced method is able
to effectively learn the high-level representations with respect to consistency and

discriminative.

4.5.1 Robust VQA Datasets

As we mentioned in Chapter 2, some robust datasets have been collected to analyse
VQA model robustness from different aspects. Due to this thesis goal, we evaluate

the proposed VQA model on VQA-Rephrasings [11] which is made to examine
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model vulnerability cross input language variations. Besides we apply the proposed
model on balanced but challenging benchmark: VQA2.0 [143]. In comparison
with some other datasets like VQA1.0 [12], VQA2.0 contains much more question-
image pairs for train and validation set. Question-answer pairs are categorized
with answer types: i.e. “Yes/No”, “Number”, “Other”. For fair comparison, we

perform experiments on both validation and test set (provided in Table. 4.4).

4.5.2 Metrics

From [12], the standard metric for evaluating VQA is accuracy:

#Humans votes
3

accuracy = min(

1) (4.26)

As we mentioned earlier, overall accuracy is not enough to evaluate model per-
formance with robustness. Since, it doesn’t indicate the consistency in model
predictions. Shah et al. [11] also proposed a comprehensive metric called Consen-
sus Score (CS) as an evaluation metric to control the model robustness again topk
rephrasings of each testing question. For a set of paraphrases (J(q) questions for

reference question ¢, the consensus score CS(k) is defined as in Eq.4.28 [11]:

CS(ky= > 8(Q) (4.27)

n

Q'CQ,|Q |=k

S(Q) = 1 ifVgeQao(g) >0 (1.28)

0 otherwise

"('y denotes number of subsets k from a set of rephrasings with n number of
samples. Notably, C'S(k) is becoming zero if the model answers at least k questions

correctly.

4.5.3 VQA Model Architecture

Inspired with [130], we use a multimodal transformer (MMT) as function f in Fig-

ure 4.2. It takes as input two visual and language modalities; image-question pair.
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Question Feature Embedding- Question are embedded using a pre-trained
three layer BERT encoder [142] that is fine-tuned along with the MMT [130].

Image Embedding- Image embedding uses features by extracting features from
ResNeXT [16] based Faster R-CNN model [17].

Multi-modal Fusion- We adopt a popular attention model from [210, 211] works
to calculate the multi-modal features m € R%** given each pair of image-question
1

m = F(6,q), (4.20)
& = 3.V, a;v; is the attentive image feature from the input feature set {z;}. F

denotes the multi-modal feature function that we use the fuse model from in [174]

as in Eq. 4.30:
F(u,v) = ReLU(Wju + Wyv) — (Wiu — Wov)?, (4.30)

where W7 and W, project embedding input representations into the same dimen-

sion to implement Eq. (4.29).

Classifier- Similar to straight-forward models, classifier maps function A into a
score vector contains scores over answer candidates follow by softmax classifier.
Instead, we add non-linear layer g after getting h. Finally, model passes the fused

g - [m] into the softmax classifier.

4.5.4 Implementation Setting

We generated hard positives and negatives that enable contrastive learning to con-
trast useful input variations from useless representations. All models are trained
using the AdamX Optimizer [212], with learning rate set as 1 x 104 and 3 set
as 0.98. Experiments have been conducted on 3 GTX 1080TI GPU with 60 and
128 batch sizes for contrastive and cross-entropy learning due to the limitations
of memory. The learning rate Ir and § are both initialized with 0.1. ResNet [15]

backbone is used for all models except for the black-box experiments.
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CS (VQG) CS (BT) VQA Scores
Model k=3 k=4 k=3 k=4 val test-dev  test-std
BUTD [129] 40.5 34.5 - - 63.3 - -
BUTD+CC [11] 44.7 42.5 - - - - -
Pythia [187] 45.9 39.5 - - 65.8 68.4 -
Pythia+CC [11] 50.9 44.3 - - 66.0 68.9 -
ConClaT [§] 55.3 52.3 70.4 70.0 67.0 68.5 70.0
baseline 52.8 50.0 68.2 67.7 64.1 65.1 65.3
Ours-ADVCL 56.4 53.3 69.6 68.7 68.2 67.7 70.3

TABLE 4.1: Proposed method vs existing methods/baselines on VQA-
Rephrasings and VQA v2.0. For test-dev and test-std, we train our model
on train+val set of VQA v2.0.

CS VQA Scores
Model k=1 k=2 k=3 k=4 Orig Rep
MUTAN [214] 56.7 43.6 38.9 32.7 59.1 46.8
BUTD [129] 60.5 46.9 40.4 34.5 61.5 51.2
BUTD-+CC [11] 61.7 50.8 44.7 425 62.4 52.6
Pythia [187] 63.4 52.0 45.9 39.5 64.1 54.2
Pythia4+-CC [11] 64.4 55.4 50.9 44.3 64.5 55.6
Ours-ADV 66.8 59.5 55.1 51.9 - 66.0
Ours-ADVCL 67.1 59.7 55.3 52.2 - 65.7

TABLE 4.2: Consensus performance on VQA-Rephrasings dataset using
VQG Baseline results are copied from [11]

4.5.5 Comparison with state-of-the-arts
4.5.5.1 Comparing Methods

We compare ADVCL with classic: PyTHIA [187], Bottom-Up-Attention and Top-
Down (BUTD) [129] and state-of-the-art settings: VQA+CC [11] and Contrast
and Classify Training (CONCLAT) [8]. Besides, we used two baselines: first one
is MMT model without any additional training branch and using cross-entropy
loss (Lcg), that is denoted as BASELINE. Another one which is denoted as OURS-
ADYV is MMT with adversarial attack training that uses Log for both clean and
noisy status. OURS-ADV is very close to the model proposed by VILLA [213].
For fair comparison, the have searched for methods using the same Faster-RCNN

features [17] similar to ours.
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Data Split MUTAN BUTD BUTD+CC Pythia Pythia+CC BAN BAN+4CC UNITER VILLA Ours

Original 59.1 61.5 62.4 64.1 64.5 65.0  65.9 70.3 7.2 -
Rephrasing  46.9 51.2 52.3 54.2 55.7 55.9  56.6 64.6 654  65.7

TABLE 4.3: Result on VQA-Rephrasings. Baseline Results are copied from [11]

VQA-CP v2 test(%) VQA-v2 val (%)
Model Yes/No Num. Other Overall  Yes/No Num. Other Overall
GVQA [144] - - - 31.3 72.0 31.2 34.6 48.2
UpDn [129] 42.3 11.9 46.0 39.7 81.2 42.1 55.6 63.5
S-MRL [215] 42.8 12.8 43.2 38.5 - - - 63.1
NSM [216] - - - 45.8 - - - -
BUTD [129] 42.3 11.9 46.0 39.7 81.2 42.1 55.6 63.5
RUBI [215] 42.8 12.8 43.2 38.5 - - - 63.1
MUREL [217] 42.9 13.2 45.0 39.5 - - - 65.1
LXMERT [135] 42.8 18.9 55.5 46.2 83.3 46.2 56.9 65.3
methods based on data-augmentation and training strategy

CSS [218] 84.4 49.4 48.2 58.9 73.3 39.8 55.1 59.9
CL-VQA [168] 86.9 49.9 47.2 59.2 67.3 38.4 54.7 57.3
Loss-Rescaling [219] 728 480 445 533 68.2 364 523  56.8
MUTANT [214] 88.9 49.7 50.8 61.7 82.1 42.5 53.3 62.6
RandlImg [220] 83.9 41.6 44.2 55.4 76.5 33.9 48.6 57.2
Unshuffling [221] 47.7 14.4 47.2 424 78.3 42.2 52.8 61.1
ADA-VQA [222] 87.4 53.0 46.8 59.6 78.8 42.2 54.4 61.9
Ours-ADV - - - - 83.0 48.8 57.3 66.0
Ours-ADVCL 88.3 56.0 62.8 62.1 85.2 51.2 60.1 67.3

TABLE 4.4: Comparison to task-specific state-of-the-arts on VQA-CP
v2 test VQA v2.0 validation split.

4.5.5.2 Quantitative Results

Table 4.1 reports the comparison of our model performance with various state-of-
the-art VQA methods on test-std, test-dev and consensus score (CS(k)) for k = 3,
4 on VQA-Rephrasings [11] and VQA Accuracy on VQA v2.0 [143] datasets. For
fair comparison, we provide CS(k) performances on both augmented data by VQG
and BT. We compare our model with the BUTD [129], Pythia, VQA+CC [11]
ConclaT [8] settings. Our method outperforms Conclat gains of 1.2%, on validation
(CS(k)) for k = 3 and k = 4 respectively.

Table 4.2 also provides further comparison between our proposed model and state-
of-the-arts due to original dataset and augmented dateset using positive question
rephrasing on consensus score (CS(k)) for k = 1, 2, 3, 4. Following Table 4.2, Ta-
ble 4.3 provides further comparison between our proposed model and the state-of-
the-arts due to the original dataset and augmented dataset using positive question

rephrasing.
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Q: How many cats are in
picture?

Q1 : How many animals are
in there?

Q2 : What is the total of
cats? cat
GT:3

Q: What does clock show? time
Q1: What does the phrase time
above the clock say? time
Q2: What can you see on ::nr::
the clock? 10:20
GT: time

Q: What has been leIIe towel

e b
Q: What

e

game is boy playing?frishee

Q1: "What sport is this? frisbee
Q2: "What sport are the frishee
people playing?” :::::2:
Q3: "What kind of sport is frisbee
this? frishee
GT: frisbee baseball

Q: How many slices was . : Q: What color is the orange
the pizza cut into? s through the ring on the ~ mirror vegetable? orange
Q1: How many slices are . wall? towel Q1: What color is carrots? ::::::
there? s Ql: What is hangof the ;1 Q2: What color is on the
Q2: What is the total wall? table? orange
number of slice on table? ziua GT: towel GT: orange black
GT:8

I ours B Baseline

FIGURE 4.4: Qualitative Examples. Predicate of ADVCL and our BASELINE
on several image-question pairs and their corresponding rephrased questions.

Table 4.3 further provides the performance based on different question types of
some other state-of-the-art methods [8, 11, 129, 215, 218]. In summary, our pro-
posed model achieves state-of-the-art robust performance on the VQA v2.0 dataset
by using robust metrics that show the robustness of ADVCL across language vari-

ations.

4.5.6 Qualitative Analysis

Figure 4.4 visualizes the ability of ADVCL model to learn more consistent repre-
sentations in comparison with the baseline . According to these examples, ADVCL
improves the consistency in predictions across the rephrasings (Q1, Q2, Q3) of
the original question Q. Note that these qualitative results were produced from the

data augmented via back-translation (BT).
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laptoo most likedy an?  ponois ET: monkey bear playng? s pecple? people
GT: facchook s GT: boseline GT: pedestrians

Bouws [l Baseline

FIGURE 4.5: Qualitative Examples. Visualization of examples collected from
ADVCL predictor for complicated questions and unbiased samples in compare
with our second baseline OURS-ADV.

We further show some qualitative samples in Figure 4.5 comparing the baseline
and ADVCL on other aspects of VQA robustness: deal with complicated questions
(upper row) and biased samples (lower row). For example, the ground-truth answer

¢

to “what color is the hydrant?” in most cases is “red” due to the imbalanced
datasets. However, the correct answer for the given image and question “what
color is the top of hydrant?” in Figure 4.5 is “while”. Hence, the proper model
has to provide high-level representations to tackle the negative effects of language
bias as well as complicated reasoning to distinguish between “top of hydrant” and

“hydrant” in visual input.
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4.5.7 Ablation Studies

For simplicity and conciseness, we omitted CS(1) and CS(2) scores in the compar-
ison part (Section. 4.5.5.2). We provide them in Table 4.5.

CS CS (BT)
Model k=1 k=2 k=3 k=4 k=1 k=2 k=3 k=4
ConclaT [3] - - 553  52.3 686 6L4 571 540
baseline 64.0 589 548 518 675 600 554 523
Ours-ADVCL 67.1  59.7 553 522 721 707 700 69.6

TABLE 4.5: Ablations Study. experiments are run with Back Translation data.

Ablation on Adversarial Attackers- We have applied some attackers to see the
effects of different attackers on network performance. Specially, we have tried to
PGDI[63] and FGSM [199] on feature embedding space. PGD is the simplest and
effective method that adds the random noise to original sample representation.
Thee structure in our proposed vQA training paradigm are shown in Algorithm. 1
and Algorithm. 3.

Ablation on training loss- In addition to the structure introduced in Section 4.4,
we experiment with various schemes of combining different learning schemes and
losses. Figure. 4.6 shows one model which alternatively trains with three models
of using Lo, Lar and Lgo. Note that, for adversarial training, we have applied
Lcg. However, we denoted it as L7, to emphasize learning paradigm. Compar-
ing to ADVCL, JOINT-VQA framework, is not optimal with respect to unbiased

representation learning.

Table 4.6 shows the parameters that have been applied to get best performance.



74 4.6. Conclusion

Algorithm 3: Pseudo code of our AdversialAttack contrastive training Batch

Inputs: data D; Num of samples N,, ascent steps K encoder f,
MModalTransformer g ;

Output: Batch for Contrastive Loss;

Initialize X; = x;, and 2z = g(f(X;)) ;

Initialize B = ¢;

Initialize B4 = ¢

forall 7 € {1, ...,N} do

zi = g(f (x:))

fort=0,..., K do

2 = g(/(@)

Sim = (z;2;)

compute gradient Vx;

Update the perturbation a:; via gradient ascend:

gimg « VZ; [Lee(fo(z + 2", atat),y) + Liy(folz + 2, xtat), y)]
where ¥ = g(f(X;)

Update the perturbation 2, via sign gradient:

’

append B = B U {X» i X;mti}

L img "
return B4
forall i € {1,...,|Ba|} do
X; =
X;;i— - Xcls
Xi_ = Arand
append B = B U{z;,z] 27} ;
return B
# Hyperparameters Value # Hyperparameters Value
1 Maximum question tokens 23 8 Maximum object tokens 101
2 Embedding size 768 9 Number of TextBert layers 3
3 Similarity Threshold 95 10 Number of Multimodal layers 6
4 Vocabulary size 3129 11 Number of attention heads 12
5 Warm-up learning rate factor .1 12 Multimodal layer dropout 1
6 Learning rate decay steps 10665, 14931 13  Optimizer ADAM
7  Projection Dimension (R%) 128 14 Warm-up iterations 4266

TABLE 4.6: Hyper-parameters choice for the proposed model

4.6 Conclusion

In this chapter, we demonstrated the importance of learning stability feature to en-
hance robustness of VQA model to linguistic variations in questions. In particular,
ADVCL preserves model consistency, or robustness, as well as model correctness,
or discrimination, by jointly applying contrastive and cross-entropy losses. AD-

VCL deals with model consistency and achieves improvement in the comprehensive
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FIGURE 4.6: Overview of joint robust VQA

metric [11], @K (CSQK). On the VQA-Rephrasings benchmark, ADVCL improves
consensus score by 1.57% over a baseline and improves the state-of-the-art model
([11]) score from 48.2 to 53.3. In addition, on the standard VQA v2.0 benchmark,
our model improves VQA accuracy by 0.78% overall.






Chapter 5

Summary and Future work

5.1 Summary

In this thesis, we have proposed different feature representation and learning ap-
proaches to enhance robustness of deep neural networks for relation annotation and
question answering. Chapter 2 goes over the related work for various semantic rep-
resentation learning and deep representation learning models. Our work presented

in this thesis is inspired by those methods.

Before introducing how to incorporate consistency in visual representation learning
in Chapter 3, we explore the importance of learning feature alignment for dynamic
object feature concatenation in relation prediction, where objects may not only
have large overlaps in their spatial locations but also have a lot of commonalities
in their semantic concepts. To this end, we introduced a meta-architecture —
learning-to-align — for dynamic object feature concatenation, named ALIGN R-
CNN framework with an object context encoding alignment module to explicitly
learn complementary object alignment for predicting each object pair relation. Af-
ter generating the complementary aligned features, the generated pairwise features
and the region features are effectively combined as the final relation feature. ALIGN
R-CNN transfers information between the pairwise nodes using multi-head hard-
attention in a differentiable manner to infer the best alignment parts per pair.
Subsequently, it re-aligns object features by gathering features from the top-K

semantic-rich portions of the paired objects, thereby facilitating with alignment

7



78 5.2. Recommendations for Future Work

accuracy. This enables the scene graph generator to satisfy the discriminant crite-
rion for pairwise region-based relation representation by generating descriptive and
human-like annotations. After introducing this scene graph generator for extract-
ing scene graphs from images, we further exploited the trained re-aligned features

to recognize unseen components with no labelled instances in the training set.

In Chapter 4, we seek the robust visual reasoning to present consistence learn-
ing paradigm for multi-modal reasoning task such visual question answering to
overcome some limitations toward robustness. Unsupervised visual representation
learning has shown encouraging progress recently, thanks to the introduction of
contrastive learning [160, 163] framework. Moreover, we pointed out the naive con-
trastive positive and negative samples those are randomly picked are sub-optimal.
Hence, to overcome this issue, we generate hard positive samples from adversar-
ial perturbation samples. Experimental results on two benchmarks, VQA2.0 and
Praphrased VQA, show that ADVCL is robust to question variations and less-

frequent data.

5.2 Recommendations for Future Work

The role of feature representation learning to improve the robustness of deep neural
networks is becoming more and more important. However, there is still lots of work
to explore in robust representation learning. For instance, data augmentation [223]
and generative training [63, 202] have shown improvements in the robustness of
DNNs. However, this does not address the ability of the model to handle unseen

manipulations.

One solution is using integrated multiple biased strategies, which makes the model
deal with complex samples like rare or unseen ones. This integrated unbiased
model makes the biased strategies overfit the dissimilar data distribution, which
makes the model to learn unbiased and fine-grained feature representation to solve

examples that are hard to solve by biased models.

In the following section, some recommendations about how to further develop the

network will be discussed.
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5.2.1 Causality

As we mentioned before, one of the widespread problems in DNNs is the negative
effect of bias that is caused by imbalanced datasets. To date, training paradigms
mostly rely on correlations rather than predictions. Given input X, and prediction
Y, by training a model based on correlation P(Y|X), the model misses the true
causal effect from X to Y [224, 225] and cannot eliminate the negative effect of the
confounding bias [226].

The confounder bias from correlation P(Y|X) is defined as a common cause of X
and Y that induces spurious correlation even if X and Y have no direct causa-
tion [227]. Confounder bias manifests differently in different tasks. For instance, in
visual relation annotation, frequent predicate categories, e.g. riding for (person-
horse) pair in the training set, denote that by detecting objects person and horse,
predict riding, even if there is no such visual relationship between person and

horse [2].

Besides, common sense can be assumed as a triplet e.g. person-riding-horse.
In this case, the detection of object pairs O = person, horse is biased by [228]:
C — O path. Given a test image with “person-sitting on- horse”, predictor
that has been effected by confounding bias in a causal view: the backdoor [229]:
C — 0O;0 — Y, considers person with horse to reason riding. Hence, besides
data augmentations that help to reduce confounder distributions, building a ro-
bust model by taking causal predictions with respect to data has been demanded
recently. Compounding causal inference [224, 225] into DNNs [230] has been ex-
plored in several tasks [146, 227, 231, 232]. Causal inference improves the model
robustness by analyzing the interactions between features/regions of interest and
identifying the confounding bias. By replacing P(Y|X) with P(Y'|do(X)), the true
causal effect between X and Y has been calculated. This model leads to inferring
the true prediction by ignoring the negative or confounding bias using backdoor
adjustment [229] that removes backdoor confounding direction and keeps the true
causal direction by adding mediator Z causal effect through: X — Z — Y. Finally,
the direct causal effect : X — Y is considered as the final prediction logits [226].

P(Y|do(X)) =Y P(X =2)P(Y|X =x,2), (5.1)
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In general, the counterfactual is the ability to infer negative bias from training
samples to increase the unbiased prediction in a model. By adding this module
to the proposed model in Chapter 3, we hope to reason about the contributions
of different regions of objects via performing counterfactual causality on a causal

graph.

5.2.2 Causal Attention

In Chapter 3, we explored visual attention to refine and generate feature alignment
for learning less biased but more informative feature representation. Moreover, we
used hard-attention to alleviate the weak approximation issue of soft-attention that
widely used in different machine learning and computer vision tasks. For instance,
on is a more "frequent but the less meaningful” predicate that can be replaced

with the "meaningful” predicate e.g. sitting on.

Due to recent demand to identify true causal effects from input to output by in-
corporating causal inference [224, 225], causal attention [227] is an adjustment to
apply to any attention-based architecture. In order to improve the proposed net-
work in Chapter 3, we can apply causal attention to solve the mentioned issue,
and we could utilize it for any visual-language tasks that are driven by atten-
tion. Consider refined pairwise features as Z, the correlation training could be

re-implemented by:

P(Y|X) =Y P(Z=2X)P(Y|Z = 2), (5.2)

Hence, inspired by [227], we would like to extend our attention-based model by

adding causal inference as:
P(Y|do(X)) =Y P(Z =z X)P(X)P(Y|Z = 2), (5.3)

where, Z is a multi-head attention applied to a set of object pairs to refine pairwise
features X. For VQA model in Chapter 4, input X will be considered as a multi-
modality set for images and corresponding questions. And the causality module
explores the true casual effect of the input question and its corresponding image

regions for re-weighting and to generate an answer.
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5.2.3 Long-Tailed Distribution

So far, we have argued about the imbalanced dataset distribution problem and
proposed a solution to alleviate the lack of model robustness by generating dis-
criminative and consistent feature representations. However, the achieved perfor-
mances are still limited by the real-word data long-tailed datasets. The imbalanced
data distribution and, simultaneously, the deficiency in sample numbers are two
issues induced by long-tailed datasets [233]. Despite recent work on long-tailed
distribution issues [234-237], there are many unanswered questions and unsolved
problems for various tasks. If we analyse the overall accuracy (e.g. SGG perfor-
mance and VQA accuracy in Chapter 3 and Chapter 4, respectively) and robust
accuracy (e.g. comprehensive metrics in Chapter 3 and Chapter 4), per class
label, we would observe that overall performance drops from head to tail (frequent
to rare samples). For instance, our proposed method in Chapter 3, by generating
fine-grained representations and by zero-shot learning could explore the unevenly
distributed predicates. However, the gap between overall and robust performances
(ACCoperan and ACCopust respectively) indicates the model vulnerability of tail
predicates:

Error = ACCoverall - Accrobust (54)

As we discussed before, robust training paradigms like Adversarial Training (AT) [63,
199] are widely adopted in developed algorithms as they increase both overall and
robust performances against adversarial attacks [32]. However, a recent study [233]
on long-tailed problems argues that adding adversarial perturbations in embedding
space damages the overall performance achieved by tail classes significantly [233].
AT has been well used for re-scaling data and lacks of fundamental theory that is

re-imbalancing data.

Inspired by these observations, for future work, we would like to continue our
research to alleviate the vulnerability of tail label predictions by adding causal
inference (Section 5.2.1) with robust adversarial training to explore and ignore the
negative effect of robustness from general performance, reducing the error gap from

Eq. 5.4 [200] while increasing the performance.
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