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Abstract

Recent advances in deep learning have motivated researchers to tackle more complex problems in
the area of visual understanding. One of the challenging topics in this field is extracting semantic
content from visual inputs, such as images and videos. In the past, this task has often been combined
with language models to effectively generate annotation for images and videos, which could express
the semantic content with natural language sentences. One major shortcoming with this framework
is that the language models encode statistical irregularities in natural language text, which leaves
the deep learning model prone to exploiting such irregularities rather than drawing on the visual
contents. Additionally, these systems could not incorporate background or commonsense knowledge
and have poor interpretability.

This thesis proposes a deep learning system that can extract the semantic content of videos and
expresses it as a knowledge graph. The video annotation system is a deep neural network consisting
of a combination of CNNs and an RNN, encoding the video into a feature vector. Together with a
combination of several multi-classifiers and MLPs, it produces the first set of facts. For the second
set of predictions, an independent dataset is used to impart commonsense knowledge, which is then
combined with the first set of predictions to produce structured captions in the form of a knowledge
graph. The model can no longer exploit the natural language patterns and is forced to base its
output solely on the relevant semantic information.

I chose to annotate videos because structured annotation of videos is a less researched task than
structured annotation tasks for images. There is a group of work which aims to describe images
using structured representation known as scene graphs. Limited work on the extraction of scene
graphs from videos has also been attempted but has faced some shortcomings. A knowledge graph
is similar to a scene graph, but unlike scene graphs, they can represent any sort of knowledge and
do not require to be visuospatial. For video annotation tasks, this is desirable.

To my knowledge, only two existing systems [1, 2] have attempted video annotation using knowledge
graphs, and my model significantly outperforms both systems while offering several other benefits.
Thus, this thesis advances the state-of-the-art video annotation using knowledge graphs and offers
additional advantages of incorporating background knowledge and injecting commonsense knowl-
edge, thereby producing a model with better generalization capability and interpretability.
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1 Introduction

In recent years, artificial intelligence (AI) has gained a lot of popularity and is a thriving field with

many practical applications and active research topics. AI enables machines to perform tasks that

usually require human intelligence. In fact, some abstract and formal tasks that are among the most

difficult mental undertakings for a human being are among the easiest for a computer. However, for

a computer to behave in an intelligent way, it needs to capture knowledge which is subjective and

intuitive and so is difficult to articulate in a formal way. And this task of getting informal knowledge

into computers has been one of the challenges in AI.

Several AI projects have sought to hard-coding knowledge about the world in formal languages, on

which a computer can reason and apply logical inference rules (more discussion on logic and logical

inference is given in Section 2.3). This started to be known as the knowledge base approach to AI (or

knowledge base system (KBS). One of the most notable KBS was Cyc [3]. Cyc was used for logical

inferences using a database of statements in a language called CycL [4]). These statements were

entered by human engineers. The project did witness success in some applications [5]. However, on

its own, it was not enough for many applications because it was difficult to devise formal rules with

enough complexity to describe the world accurately. For instance, Cyc failed to understand the story

of a person named Fred, who was shaving. The inference engine detected an inconsistency in the

story: the engine knew that humans do not have electrical parts, but Fred was holding an electric

razor, and so it believed the entity ”FredWhileShaving”, contained electrical part. This made the

engine question if Fred was still a human while he was shaving [6].

Understandably, these KBSs’ reliance on hard-coded knowledge suggested that AI systems need

something more; they need the ability to acquire their own knowledge by extracting patterns from

raw data. This capability, known as machine learning (ML), which was already present before the

above AI systems, now started getting more focus from the researchers. ML is a sub-field of AI

where the systems learn how to perform various tasks from their experience.
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However, the ML system’s performance still depended heavily on the representation of the data they

were given. That is, a human is required to tell the system several pieces of relevant information,

which represent the data, for it to work or make decisions. These pieces of information included

in the data representation are known as features. Manually selecting and feeding these features is

only possible in simpler scenarios. Extraction of high-level abstract features directly from the raw

data without human intervention proved to be a major challenge with ML systems.

To solve this central problem with ML, an old idea of the artificial neural network started receiving

more attention. The systems based on artificial neural network is often referred to as deep learning

(DL) [7] and is considered a subdomain of ML. In recent years, DL has produced impressive results

in several key areas which have previously proved to be unfeasible for earlier AL and ML systems.

This made DL receive intense interest and enthusiasm from the research community. DL has the

capability to extract the features that are most relevant to the task at hand on their own (more

discussion on this and various deep learning algorithms are covered in Section 2.1).

Coming back to our initial discussion, which started in the initial era of AI, we want our computers

to capture knowledge which is subjective and intuitive, which cannot be articulated in a formal

way. For us humans to understand the world, it was critical to develop an understanding of our

surroundings by seeing them. In fact, we use about 27% of our precious brain power for visual

processing[8, 9], which is a fundamental task. Our visual perception of the world is reflected in our

ability to make decisions through what we see, and providing such capabilities to computers will

make it possible to design remarkable applications that will enhance our lives. And so, we want the

DL systems to develop such abilities as understanding scenes, human behaviours, relationships, and

reasoning. Giving the machines the ability of visual understanding will help doctors and nurses to

have an extra pair of tireless eyes for diagnosis and patient care, cars will run smarter and safer on

the road, robots will help brave disaster zones to save the trapped and wounded, we will be able to

explore unseen frontiers, among several tasks which will be made possible. Hence, the area of visual

and cognitive understanding is extremely important.
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One of the distinguished researchers in this area, Fei Fei Li, rightly said [10]:

”If we want our machines to think, we need to teach them to see. And by see I mean to

understand and not just record pixels.”

This idea has been a research topic in a field of AI known as computer vision. Computer vision

enables computers and systems to derive meaningful information from images, videos and other

visual inputs - and take actions or make recommendations based on that information. In 2014 Li,

along with her student, produced one such computer vision model capable of generating human-like

sentences to describe an image [11].

This human-like sentence generation has been a major part of existing research in another field of

AI, known as natural language processing (NLP), which deals with interactions between computers

and human language. Here natural language means human language like English, Russian, German

etc., as opposed to artificial commands or computer-programming languages.

Hence, visual understanding has long been a desire of humans. In the recent past, the emergence

of DL compiled with better computing power has majorly contributed to the development of many

such tasks [12–15]. Visual understanding can be understood as the task of automatically detecting

and identifying objects in a scene, their attributes and the relationship existing between them.

This would require the machines to develop cognition and extract semantic information from the

visual input. In this context, one of the important sub-problems and tasks includes image and

video annotation. The goal of the image/video annotation (or referred image/video captioning

in the NLP domain) task is to capture the visual input’s semantics by generating a summary of

them in a humanly understandable form. This is a highly demanding task, and advancement of

this process will open up enormous opportunities in many application domains, such as serving

aid to people who suffer from various degrees of visual impairments by transforming visual signals

into information that can be communicated to them, facilitate automatic sign-language translation,
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advance automatic video/image indexing or retrieval thereby enhancing search engines and platforms

like Google photos, help in surveillance and military, improve human-robot interaction, enhance the

optical system analysis of self-driving vehicles, and perform numerous such tasks of importance [16].

In visual input annotation systems, the main challenge is to extract visual information from the

picture and transform this information into a proper and meaningful language. This challenge

has often been considered a vision to language problem, where the content of the visual input is

represented in a natural language sentence. Recently, significant progress has been observed in this

task of understanding images, and videos using various DL techniques, with current state-of-the-art

models able to caption them in NL [17–19] and classify objects close to human-level precision but

on certain datasets only [20–22]. However, this problem is far from being considered a solved task.

This is because NL captioning systems suffer from major shortcomings such as:

• Firstly, the generation of NL caption for a visual input requires the system to do two tasks

- understand the semantic content of the visual input and determine how to say that in a

grammatically correct NL sentence [23, 24]. For this, the system has to simultaneously learn

both tasks at the same time. However, the former task is what our aim is, the latter is irrelevant

to the goal of annotation, and unsurprisingly it makes the overall task more difficult.

• Secondly, NL annotations are in the form of a sentence, which makes them unsuitable for logical

inference (Section 2.3.3). That is, it can identify a man in the image but cannot conclude that

”all men are males” or ”all men are humans”. Inferences like this come so naturally to us

humans and cannot be easily performed for NL tasks [25, 26]. Also, we cannot write rules

like KBS or perform string matching because words have different contexts. For example, the

word ”man” has a different context in both these sentences: ”sailors man the ship”, ”A man

is running”, so hard-coded rules or string matching will not make sense here [2].

• Another drawback is that NL captions are single-language specific. So a model trained to pro-

duce captions in English cannot produce annotation in German, and it is difficult to translate
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the English caption into German ones, as different languages have different grammatical and

structural rules.

• Lastly, there is a practical problem with respect to NL annotations. They are not easy to

interpret or quantitatively measure. This is because the closeness between the model-generated

and actual sentences cannot be directly measured using standard metrics used in the ML

domain (more discussion on this in Section 3.1). Instead, they require specifically designed

ones like, BLEU [27], METEOR [28], and LEPOR [29]. Typically, scores are reported on

multiple metrics as none of them is perfect, and so it lacks simple, intuitive interpretation.

All these reasons compelled the researchers to look for an alternative solution. Recent research in

computer vision has advocated for logically structured representation of semantic information from

a visual scene [1, 2, 19, 30]. Using structured representation rather than natural language forces

the model to base its output only on the relevant semantic information instead of exploiting natural

language patterns. A simpler, more abstract and structured representation of the semantics in a

visual scene may help avoid the complexity of natural language when learning such models and could

improve reasoning abilities.

In this context, the initial attempts in the image annotation domain gave birth to the emergence

of scene graphs. Scene graphs were first proposed in [31] as a data structure that describes the

object instances in an image scene and their relationship. A complete scene graph can potentially

represent the detailed semantics of a dataset of scenes. A scene graph represents the scene using a

set of ⟨subject, predicate, object⟩ triplets, where each of the connections uses directed graphs (more

discussion on this in Section 3). This representation proved to be more successful and hence attracted

a lot of attention from a large number of researchers [19].

Since scene graphs were proving highly successful in image annotation tasks, this also inspired

researchers to employ them for video-based tasks. Scene graphs are often considered a visuospatial

representation of a scene; that is, it shows what is where in a scene. For image annotation, the
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nodes in the scene graph are often associated with a bounding box (coordinates of that entity)

in the image and, through this, show what is where in a scene [32]. Some researchers tried to

implement a scene graph for video annotation where each frame had an associated scene graph, thus

implementing the visuospatial requirement. However, a scene graph for every frame was redundant

and computationally expensive, and it was difficult to predict relationships which spanned through

multiple frames [32].

Hence while structured annotation for videos is a useful task, scene graphs might not be a suitable

choice for them. In [1] the authors made an initial attempt to logically annotate videos using another

representation called knowledge graph (KG). KGs are similar to scene graphs in the sense that it

also represents the objects present in the video and the facts that hold true of them, but they can

represent any type of information and do not need to show what is where in the video. This means

that a KG has the potential to successfully extract the semantic content of a video spanned across

multiple frames. A KG often contains a large number of fact triples and multi-relational data,

denoted in the form of ⟨subject, predicate, object⟩. A fact expresses a relation between two objects

(e.g., fold(person, paper) or an attribute of an individual (eg. white(paper)). Discussion on this

notation is given in Section 2.3.3.

Since knowledge graphs are structured representations of semantic content, they avoid all the prob-

lems previously seen in NL annotation, as alluded above. One major advantage of using KG is

that they have been shown as a graph-variant of first-order logic, which is equivalent to standard

first-order logic [33], which makes it possible to do seamless logical deduction and inference using

KGs. And so, applying inference rules like ”all men are also males” is trivial here. Further, KGs

are machine-readable, so we can perform automated data processing, such as searching all videos

depicting a ”man”. Next, they are generated only using the semantics of the video content and we

do not need to worry about generating syntactically and semantically correct NL sentences. They

are also language agnostic, as they can be trivially translated to another language by translating one

component of the triple at a time. Lastly, their performance can easily be measured quantitatively
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using standard metrics such as F1-score and accuracy.

While most of the previous work focused on structurally annotating images by generating scene

graphs, structured video annotation is a less researched task. Video annotation using KG has only

been explored by two papers before (as per my knowledge) [1, 2], and has shown convincing results

and promises a new research direction for us. Hence, designing a solution to comprehensively and

formally annotate video content, particularly using knowledge graphs, could significantly impact the

video understanding domain. This makes it an exciting and promising research area. Hence in this

thesis, I chose to work on structured video annotation using knowledge graphs.

This thesis proposes a novel deep-learning-based framework for annotating videos with knowledge

graphs. I have leveraged KGs to explicitly capture the relationship information between objects

and their attributes in a video. Inspired by the promising results in [2], the encoder proposed

by them [2] is used to extract spatio-temporal video features. Further, I have employed three

conditionally independent multi-classifiers to extract the objects, the relationship between them,

and their attributes. These three components are intelligently combined to filter out irrelevant facts

and only keep possible facts. The possible facts are later passed through another binary classifier to

classify them as true or false facts with respect to the video. This produces the first set of predictions.

Next, I recognised the need to make the model dataset agnostic; that is, the model needs to give

good results on videos from any domain. To satisfy this need, I introduce a new use of the existing

independent dataset of images annotated with scene graphs: Visual Genome [30]. Further, I have

also devised a method to extract statistics from this dataset and apply Bayesian probability rules to

get predictions on input data. Both the separate predictions are finally combined using a machine

learning model called logistic regressor to produce the final KG for a video. The results are evaluated

using two automatically generated datasets, MSVD* and MSR-VTT* (taken from [2]). I receive an

F1 score of 29.03 for MSVD* dataset, and 37.23 for MSR-VTT* dataset, which is significantly

better than the previous models [1, 2]. The results show the effectiveness of the proposed model.

The main contributions of this work are thus briefly summarized below:
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• I describe the use of attribute and relation multi-classifiers to predict the predicates (attributes

and relations) in a video. While [2] was only using an individual multi-classifier to identify

objects in the image, which forced them to combine the identified objects with every possible

predicate in the vocabulary and generated many irrelevant facts, on the other hand, the in-

troduction of predicate multi-classifiers on top of individual multi-classifier in this work avoids

this issue in the existing model.

• The above three multi-classifiers proposed in this work produce separate predictions for indi-

viduals, attributes and relations, which need to be combined efficiently to filter irrelevant facts.

In Section 4.3.1, I have proposed a framework with mathematical foundations to perform this

task, which has shown to significantly improve the model’s performance.

• Next, I have also proposed a novel framework for utilising an independent dataset (Visual

Genome in this work) to inject” commonsense knowledge of which predicates are likely to hold

true of which individuals in general. As per my knowledge, this work is the first to explore

the impact of an independent dataset for helping the prediction of the DL-based model. This

is executed by first extracting various statistics from the Visual Genome dataset and followed

by generation of prediction using the Bayesian framework.

• Secondly, I have also performed an investigative study in Section 8.2 to explore the impact of

using an independent dataset for injecting commonsense knowledge. The results signify that

this step has given my model the ability to produce good predictions even when the model is

not at all trained and is initialised with random values. This step paves the way for overcoming

the issue with the availability of fewer data for training the model and tries to make the model

data agnostic, such that it could perform equally well across various datasets without any bias.

• I have also quantitatively measured the performance of the proposed model on standard metrics

and shown that the results are substantially better while conquering some major problems in

the baseline models.

• Next, several investigative studies have also been performed, which show that controlling
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certain hyper-parameter in the model could in fact produce even better results. I also studied

how this improvement in results comes at the cost of the requirement of more processing power.

This trade-off is plotted indicating better performance with improvement in processing power.

Lastly, I have also performed ablation study on various components of the network to study

their effectiveness.

Finally, the dissertation is structured as follows:

• In Chapter 2, I discuss the background necessary to understand the work presented in this

thesis. This includes discussion on deep learning, its various algorithms and concepts. This is

followed by a discussion on logic, logical inference, knowledge graphs, WordNet and local-closed

world assumption.

• In Chapter 3, I give a brief overview of the related work done in the field of video annotation

and the various components which inspired this work.

• In Chapter 4, I present the proposed system, where the formal problem statement is presented,

followed by a formal description of the system and a detailed discussion on the approach used

in this work.

• In Chapter 5, I present the training and implementational details related to the proposed

system. Here the training procedure is explained, along with the loss functions used. I also

discuss the hyper-parameter search procedure and values of various parameters. Lastly, I also

include a discussion on the choice of the encoder used by the proposed model, which is an

essential component.

• In Chapter 6, I discuss the datasets that were used for evaluation followed by the method used

for automatically generating the datasets. It also presents a discussion on the Visual Genome

dataset and extraction of statistics from it for injection of commonsense knowledge.

• In Chapter 7, I start by discussing the choice of evaluation metrics, followed by the quantitative
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and qualitative results. The results are further analysed to extract important conclusions.

• In Chapter 8, I present a discussion on some investigative studies and present results from

further experiments and ablation studies.

• Lastly, in Chapter 9, I conclude the thesis by explaining the main contributions of this work

and suggest some possible future directions for this project.
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2 Background and State of the Art

This chapter provides an overview of the fundamentals of various concepts relevant to this thesis.

I start with a discussion on deep learning, its building blocks, and pertinent algorithms. I then

present a brief discussion on concepts related to training, regularisation and hyper-parameter search

useful to this work. After this, I move on to the discussion on logic and knowledge graphs. This is

followed by a presentation of WordNet and local closed-world assumption concepts.

2.1 Deep Learning

Deep learning (DL), a subfield of machine learning which attempts to learn high-level abstractions

in data by utilising hierarchical architectures. It is an emerging approach which has been largely

applied to many traditional AI domains [34]. The boom of DL is often considered the outcome of

three things: (1) a drastic increase in chip processing abilities (e.g. GPU units), (2) a significantly

lowered cost of computing hardware and (3) considerable advances in ML and DL algorithms [35].

Some of the earliest learning algorithms we recognise today were intended to be thecomputational

models of biological learning, that is, models of how learning happens or could happen in the brain

[6]. This inspired the formation of a model called artificial neural network (ANN) [36]. DL models

are largely based on ANNs. In the following sections, I discuss some of the building blocks of ANNs.

2.1.1 Neural Networks

Artificial neural networks or popularly known as neural networks (NNs) in the field of deep learning

are a class of learning algorithms which are composed of several simple, connected processors called

neurons. The behaviour of a NN is determined by the properties of these individual neurons and

the connection between them.
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In this section, I start by discussing the building block of NNs, the neurons. Next, I present the

first type of NN, known as multi-layer perceptions, followed by a discussion on convolutional neural

networks and recurrent neural networks.

Neuron The fundamental unit of any NN is the neuron or an artificial neuron. It was first intro-

duced by Warren McCulloch (neuroscientist) and Walter Pitts (logician) in 1943 as a computational

model of the biological neuron.

An artificial neuron is a mathematical function based on the model of a biological neuron, where

each neuron receives input from other neurons, performs some processing and produces an output

in a form of a single real number.

However, the McCulloch-Pitts neurons suffered from some limitations. It only allowed binary inputs

and outputs, assigned equal weights to inputs and parameters like thresholds needed to be hand-

coded (these parameters are discussed in the context of another modified model below).

This inspired the work of Frank Rosenblatt, who in 1958 modified the McCulloch-Pitts neuron to

overcome some limitations by making weights and thresholds to be learned over time instead of

hand-coding them. This model is now known as the classical perceptron model, where the neurons

were called perceptrons [37]. Further, in 1969, Minsky and Papert [38] refined and carefully analysed

this work, and their model is referred to as the perceptron model. The perceptron model is a more

general computational model and overcomes some of the limitations in the above models.

A perceptron takes as input any real values [x1, x2, . . . , xm], where m can be any finite natural

number. Then it calculates a weighted sum of the input and sets the output as one only when the

sum is more than an arbitrary threshold (θ). This is shown in Equation 1.
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Figure 1: A simple perceptron model, taken from [39]

Output =


1 if

∑n
i wixi ≥ θ ,

0 if
∑n

i wixi < θ ,

(1)

where each input xi is assigned a weight wi, and θ is the given threshold value where the output of

the neuron changes. While the classical perceptron model introduced by Rosenblatt [37] only allowed

binary values as inputs and equal weights to all the features, Minsky and Papert [38] allowed different

weights to different inputs and inputs were not required to be binary values.

Now, if we look closely at equation 1, we can see that the output changes from 0 to 1 abruptly.

That is, let θ be 0.5, and the value of
∑n

i=0 wixi is 0.49, then the output would be 0, however if

the value of
∑n

i=0 wixi is 5.01, then the output will be 1. These sudden change from 0 to 1 when∑n
i=0 wixi crosses the threshold is sometimes not expected in some applications and, requires a

smoother change which gradually changes from 0 to 1.

So we need to modify Equation 1 such that it could accommodate both scenarios - (1) abrupt

change from 0 to 1, (2) gradually changes from 0 to 1, in output. One way to do this is by using the

activation function which introduces non-linearity. These types of perceptrons are called non-linear

neurons. With this addition, the output is given by Equation 2. This perceptron model can be
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visualized in Figure 1, which is taken from [39].

Output = f(

m∑
i=1

wixi) , (2)

where f is the activation function.

A few commonly used activation functions are:

• Sigmoid: The sigmoid function is given by σ(x) = 1
1+e−x . The sigmoid function only ranges

from 0 to 1.

• Tanh / Hyperbolic tangent activation function: Tanh is a lot similar to the sigmoid function,

where the function also has a sigmoidal ”S” shape, but the difference is that it ranges from -1

to 1. It is given by: tanh(x) = ex−e−x

ex+e−x .

• ReLU: ReLU stands for Rectified Linear Unit and is a popularly used activate function in

neural networks. It is given by: f(x) = max(0, x) [40]. It ranges from 0 to ∞. The ReLU

function suffers from a problem called, ’dying ReLU’, where the output is value 0 for any input

value. This could happen when the model learns highly negative values for biased terms. This

means that the model did not learn anything from this neuron.

• Leaky ReLU: To overcome the ’dying ReLU’ problem, leaky ReLU was introduced [41]. It

does not set negative values to 0, instead, it follows a linear equation with gradient α, where

α can be a small positive real number, like 0.01. It is given by Equation 3:

LeakyReLU(x) =


x if x ≥ 0 .

αx if x < 0 .

(3)

Hence, in LeakyReLU, even if the input is negative, the output is a small negative value and

not 0.
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• Softmax function: It calculates the relative probability and is among the most commonly used

activation function in the case of multi-class classification. It is given by:

softmax(x)i =
exi∑
j e

xj
. (4)

2.1.2 Multi-Layer Perceptron (or Feedforward Neural Network)

The principle weakness of the single-neuron perceptron model was that it could only solve problems

that were linearly separable [42]. To learn more complex functions, we need to use many such

perceptrons connected together. Such a setting is called a multi-layer perceptron (MLP) or feed-

forward neural network (FFNN). These networks are also known as feedforward networks because all

information is passed forward from one layer to another. It is the simplest form of neural network.

Figure 2 shows an example of MLP. In this network, the set of neurons can be thought of as divided

into sequences of distinct layers. The leftmost layer is known as the input layer, while the rightmost

layer is the output layer, and all the intermediate layers are the hidden layers with many neurons

stacked together. There can be one or more hidden layers in an MLP, allowing the computation of

more complex functions. It can be thought that the input to each neuron in layer i is the output of

every neuron in layer i− 1. A neural network with total n layers is called n-layer FFNN. Each layer

in the NN is numbered sequentially from 1 to n, containing n− 2 hidden layers.

Let us understand the feed-forward procedure of the n-layer MLP. Let the output of each neuron j

in layer i is given by ai,j . Let there are m neurons in the i− 1th layer, then

ai,j = fi,j(

n∑
k=1

wi,j,kai−1,k) , (5)

where wi,j,k . . . wi,j,n and fi,j are respectively the weights and activation function of jth neuron in

the ith layer. ai−1,k denotes the output of the kth neuron at i− 1 layer, which is the used as input
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Figure 2: An example architecture of the multi-layer perceptron, taken from [43]

to jth neuron in ith layer.

Using vectorized notation, equation 5 can be re-written as:

ai = f(Wai−1) , (6)

where f is applied to a vector of inputs (i.e. the output of all neurons in layer i− 1) and produces a

vector of outputs (i.e. the output of all neurons in layer i). Here the activation is being applied to

all the neurons in layer i to produce a vector of output. The activation function with scalar input

and output can also be applied element-wise. Lastly, as we will see in Section 4.2, the proposed

model effectively uses MLPs for the classification tasks.

2.1.3 Training Neural Networks

The process of learning from data is referred to as training. Like other deep learning models, NNs

require training during which the value of loss function is optimised. This is done by optimizing the

network parameters and weights W in the case of NNs.

The training starts off with the neutral network initialized to random weights. Hence the training

process might start off with a high loss value and subsequently decreases to much lower at the end
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of training. This would mean that the model output is becoming close to the actual output, which

we want.

There are many commonly used training algorithms, but they all are variants of gradient descent,

depending on the chosen loss function. The gradients are calculated using a technique called back-

propagation.

Backpropagation Backpropagation is the learning mechanism that allows the iterative adjust-

ment of weights in the network, with the goal of minimizing the cost function [44].

In each iteration, the gradient for all neurons in the final layer is calculated. Let the total number of

layers be m. The gradient is the derivative of the loss function. Hence, there is a hard requirement -

the weighted sum and the activation function must be differentiable. Then, the calculated gradients

are stored, and the algorithm moves to the penultimate layer. Now, for each ith neuron, xm−1
i ,

in layer m − 1, the gradient of each unit xm
j in the final layer is calculated with respect to xm−1

i ,

which is computed by taking the derivative of activation function of xm
j , multiplied by the weights

connecting xm−1
i and xm

j . Finally, the total gradient for xm−1
i is the summation of the derivative of

the loss function with respect to that unit times the derivative of that unit with respect to xm−1
i ,

across all units in the following layer m. Hence, the gradient calculation is the basically successive

application of the chain rule. The algorithm is given by:

∂L

∂xm−1
i

=
∑

xm
j ∈layer m

∂L

∂xm
j

×
∂xm

j

∂xm−1
i

,

=
∑

xm
j ∈layer m

∂L

∂x
(m)
j

×
damj (t)

dt
× w

(m−1)
ij ,

(7)

where amj is the activation function of xm
j , calculated at previous iteration and wm−1

ij is the weight
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connecting xm−1
i to xm

j . t is the pre-activation received by amj (t) as input (t ∈ R). L is the loss

function.

Loss Function The loss function, also known as the cost function (sometimes referred to as the

error function), denotes how good the neural network is for a certain task. This function maps

the value of one or more variables onto a real number. Commonly a loss function is calculated for

each data point using the network’s output (denoted by ŷ), and its expected output (also known

as ground truth, denoted by y), averaged over a large subset of the available data, known as the

training set. There are several possible loss functions. The loss function used in this work (see 5.1)

is discussed here below.

A common loss function used for binary classification tasks is the binary cross entropy (BCE) loss

(also known as log-loss). BCE loss function measures the performance of the classification model

whose output is a probability value between 0 and 1. The BCE loss function is given by:

LBCE = − 1

n

n∑
i=1

yi log(p(yi)) + (1− yi) log(1− p(yi)) , (8)

where yi stands for the actual observation value, p(yi) denotes the probability output for the binary

classification task by the network for ith input and n stands for the number of examples in the data.

As we can see from equation 8, the loss increases as the predicted probability diverge from the actual

label. For example, predicting a probability of 0.0001, when the actual observation label (ground

truth), 1, would be bad and result in a high loss value. As we will see in Section 5.1, all the loss

functions used by different types of networks in this project are BCE loss.

Another example of the loss function is the average of the square of euclidean distance between y

and ŷ, over n training examples (this is also known as mean squared error (MSE) loss), given by L:
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LMSE =
1

2n
∥

n∑
i=1

(yi − ŷi) ∥2 , (9)

where y stands for the actual output, and ŷ stands for the output we got using the input xi in NN.

Gradient Descent Gradient Descent (GD) is a commonly used optimization algorithm for train-

ing ML models. GD uses the update rule, given by Equation 10, to iteratively update each parameter

in a network (weights w in this case).

wt+1 = wt − ϵ
∂Lt

∂w
, (10)

where wt+1 is the updated parameter at update step t + 1, using the parameter value wt and loss

function Lt calculated using all network parameters, at step t. ϵ is a hyper-parameter, known as

learning rate, which is hard-coded before starting the training process. This is done using hyper-

parameter search (see Section 5.2). The learning rate controls how quickly the model can be adapted

for the problem at hand.

Calculation of Equation 10 requires the calculation of loss function L, which in turn requires iterating

through the entire training set at each update step. This process is called Batch gradient descent

(BGD). However, for a large number of training data (which is usually the case), BGD is slow and

computationally expensive. Alternatively, a more efficient way used in this thesis is to calculate the

gradient for each small mini-batch of training data. That is, the training data is divided into many

tiny groups (i.e. mini-batches) initially, and each mini-batch receives one update. Hence is known

as mini-batch gradient descent. Consequently, a smaller value of min-batch size results in faster

convergence, at the cost of noise in the training process. On the other hand, a larger value of the

mini-batch size converges slower but has less noise in the process.

This gives rise to the challenge of choosing another hyper-parameter, the appropriate mini-batch size,
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according to the data and the model. Larger batch sizes require fewer updates and give overall results

in less time. This is because the modern-day training process is carried out in GPUs (including my

model), compared to Central Processing Units (CPUs) which usually execute software applications.

GPUs can perform numerous small tasks in parallel. So for each batch update, multiple batch

elements can be operated on in parallel. Further, the GPUs vectorise the mini-batches, which tend

to be faster than looping through each batch element individually.

Therefore, the above reasons generally make larger batch sizes more efficient. The mini-batch size

is usually selected as the one which fits the memory requirement of the GPU used. In our case, we

select a large size that fits the GPU memory [45]. This simplifies the tuning of this hyper-parameter

and is sufficient for most of my use cases.

Next, as mentioned earlier, choosing the correct learning rate is important. A large learning rate

may cause the model to converge too quickly to a sub-optimal solution, while a too small value will

result in slow convergence or the process getting stuck. There are several ways to select a learning

rate, which can be theoretically sound and practically heuristic. The learning rate can be fixed or

adaptive, gradually changing through the learning process. In this project, a fixed learning rate

ϵ = 10−3 is selected. It is a standard choice for learning rate and works well for many cases. More

discussion on this presented in Section 5.2.

Lastly, in this thesis, I have used adaptive movement estimation algorithm (or Adam) [46], for

training setting-1 (explained in Section 5.1). It is an extension of the gradient descent optimization

algorithm. It is an efficient stochastic optimization method, only requiring first-order gradients, with

little memory requirement.

2.1.4 Overfitting and Regularization

After the network is trained, it is also necessary to analyse the training and the performance of the

deep learning model. In this context, there are two very fundamental and important concepts - bias
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and variance. These two terms are also related to the two pitfalls which must be avoided during

model training which are - overfitting and underfitting. I will discuss these terms and how to avoid

them in this section.

Bias and variance are numeric quantities defined using model accuracy for understanding and opti-

mizing the training procedure. Let the target the model tries to predict is y when input x is fed.

That is, the each datapoint is a set (xi, yi)i≥1, i ∈ R). As seen above during the training model

will try to minimize the average loss/error of the model. In the case of regression tasks, it tries to

minimize the mean squared error given by:

MSE(f) = E[(f(x)− y)
2
] , (11)

where f(x) is the model’s prediction conditioned on input x, and MSEf is the mean squared error.

During model training, we only have a finite amount of data available. However, we aim to learn

the data distribution f̃(x), and not the data itself. Therefore, usually, the data is divided into two

parts, one part is used to train the model, while the other part is unseen to the model and is used

for evaluating the performance of the trained model. The latter is known as the test set, while the

former is known as the train set. In practice, it is standard to divide data into three parts instead

- train, validation, and test set. While train data (or training set) functions as mentioned above,

validation data (or validation set) is also used during the training process, which is used to evaluate

model fit on the training data while hyper-parameters are tuned. This is also done in this project

(Section 6 gives the ratio of split for the datasets used in this project.).

We may assume that the data is the sum of a value from this generated distribution and a noise

term, taken from a Gaussian distribution with 0 mean and σ2 variance, where the probability of a

value x is given by:

N(x;µ, σ2) =
1

σ
√
2πe−

1
2 (

x−µ
σ )

2 . (12)
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Thus, given the input x, the output from the model is given by:

ŷ = f̃(x) + ϵ, ϵ ∼ N(0, σ2) . (13)

The variance σ2 represents the noise in the data and denotes how difficult it is to learn the data

distribution. It is also known as irreducible error, as the value of the error function would not drop

below the value of σ, even when the generating function perfectly learns the data distribution. Using

the notations used here, the bias and variance are formally defined using Equation 14.

bias(f) = E[f(x)− y] ,

variance(f) = E[(x− E[f(x)])2] .
(14)

Hence, bias is the expectation of a difference between the model’s prediction and the correct value

that the model is trying to predict. While the variance is the variability of the model prediction,

which is the square of the expectation of the deviation of model prediction from its mean. If it is

assumed that the targets are the result of summation of the true underlying function f̃(x) and the

degree of random noise. Then the mean squared error can be expressed as:

MSE(f) = bias(f) + variance(f) + σ2 . (15)

From equation 15, we can observe that the MSE will be high if the bias and variance are high,

meaning that the model is performing poorly.

To simply put, a high-bias model pays very little attention to the training data and oversimplifies

the model. Such a model is said to be ’underfitting’. This would produce high MSE in both train

and test sets. On the other hand, if the model has high variance, it pays a lot of attention to the
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training data and does not generalize on the data which is unseen to it. It has actually learnt the

noise present in the training set. This means it can achieve low MSE when calculated on the training

set but will not be able to transfer what is learnt to the test set. Because of this, the MSE on the

training set would be very low and very high in the test set. Such a model is known as ’overfitting’.

Unfortunately, there is a trade-off between bias and variance.

Commonly, in literature, powerful models are used to achieve low bias, and then additional techniques

are employed to minimize the variance explicitly. This additional technique is called regularization.

In this project, when training the model, I have employed two regularization techniques in the two

training settings in the proposed framework (see 2.1.5 and 2.2). The proof for Equation 15 along

with a detailed discussion on bias and variance and the trade-off between them, can be found in [47].

2.1.5 Early stopping

Early stopping is a form of regularization technique used to avoid overfitting when training a model

with an iterative method like gradient descent 2.1.3. As seen from Equations 10, the training will

only stop when the model parameters are precisely on a local extremum. Practically, this is not

likely to occur. Further, because of using mini-batch gradient descent (Section 2.1.3), every batch

update has some amount of randomness. Even if the loss reaches an extremum for one update, it is

not guaranteed to stay there for the next update.

An alternate approach is to put a stopping criterion during training. We want the model to train

as long as possible until the performance starts to plateau. We can use the loss as the metric to

monitor the model’s performance at each epoch and apply an explicit stopping criterion. So, an

obvious choice for the stopping criterion is to stop training when training loss stops decreasing.

This method involves setting aside a fragment of the dataset, called the validation set (as discussed

in Section 2.1.4), which is not trained on but is instead used for the purpose of early stopping. So

the stopping criterion of the model is the loss on the validation set. Particularly, after each training
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epoch, the following steps are followed: (1) The average loss value over the entire validation set is

computed. (2) The model parameters are not calculated, and gradients aren’t updated. Now, if the

validation loss has decreased compared to the previous lowest loss value, then it is concluded that

the model has improved; else, it is concluded that the model has not improved. In practice, we stop

training only when it has failed to improve the loss for a certain number of epochs. For example,

if epoch 40 produced a validation loss of 0.5, and the epochs 41 − 47 all produce loss > 0.5, then

we would stop the training, and the network parameters (weights in this project) are set to values

received right after epoch 40.

Lastly, this is an effective regularization method because, if in an epoch the model’s train loss is

decreased but does not generalize well, i.e. the validation loss is not decreased, it would mean the

model is overfitting, which triggers the stopping criterion. Since the network parameters are reloaded

in from the last epoch where validation loss has decreased, the effect of all intervening epochs, which

could have decreased the training loss but not the validation loss, is omitted, which may have caused

model overfitting.

2.1.6 Hyper-parameter Search

In deep learning, hyper-parameters are the model parameters that are external to the model and

control the model’s learning process, unlike non-hyper-parameters, which are internal to the model

(such as network weights), they are not derived via training. The value of the hyper-parameter

needs to be set manually before training begins by the engineer. This is usually done based on

expert knowledge or hyper-parameter search.

Hyper-parameter search (or hyper-parameter tuning) [48], refers to the process of searching for

optimal values of the model hyper-parameters that could result in the most skilful predictions by the

model. Hence, hyper-parameter search requires a separate optimization procedure. Understandably

more the hyper-parameters of an algorithm that need to be tuned, the slower will be the tuning
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process. Therefore it is desirable to select a minimum subset of model hyper-parameters to search

or tune. It is also important to note that not all hyper-parameters are equally important. Some

hyper-parameters have an out-sized effect on the performance of the model compared to others.

Section 5.2 discusses hyper-parameters and the search procedure relevant to the work in this thesis.

2.1.7 Convolutional Neural Networks

A convolutional neural network (CNN), or covnets for short, is a variant of the FFNN conventionally

used for image recognition tasks. It exploits temporal correlations in the input data and performs

multiple convolutional transformations and non-linear activations to hierarchically extract abstract

high-dimensional global features from spatially-local data points [49].

It contains a three-dimensional arrangement of neurons instead of the standard two-dimensional

array used in the above variant. Here every neuron in layer i receives input from a subset of neurons

from layer i− 1 which are ’close’ to each other, as opposed to the case of FFNN where input from

every neuron in layer i− 1 is received. Further, unlike FFNN, each neuron in layer i uses the same

set of weights. Each neuron in layer i gets input which are different regions from layer i− 1. Hence,

it has constant weights equal to to the region size in the previous layer. Consequently, it requires

making the following assumptions:

• The relevant features are entirely contained within these regions, which are ’close’ to each

other. This lets CNN only input a fixed number of neurons from layer i− 1 to layer i.

• Since features in a region depends only on the neuron in that region, allowing the use of fixed

weights by all the neurons in layer i. So the weights are shared across different regions.

Because of these assumptions, the number of weights that needs to be calculated and the connections

are reduced, thereby making CNNs computationally more efficient. This is because, as seen in Section

2.1.3, the forward and backward passes during the training of NN require linear time with respect to
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Figure 3: General architecture of Convolutional Neural Networks. The input is a set of points
in space. Here it is a two-dimensional grid with each point having a scalar feature value (it is
also possible to have three-dimensional input in advanced architectures). Each convolutional layer
produces a feature matrix, which increases the number of features per spatial point, and the pooling
layer decreases the number of spatial points. The output of the network is produced by a fully
connected layer, which is a form of a single feature vector with no spatial structure. Image is taken
from [50]

the model size. CNN is more compact, thereby reducing the time taken for training and prediction

from trained models. As we have seen in Section 2.1.4, a more compact model is more likely to avoid

the pitfall of overfitting the training data, so CNN is more resistant to overfitting.

CNN also reduces the chance of overfitting during the training process. Practically, several sets of

weights could be applied to each region. Each set of weights is called a filter in the CNNs context.

Hence, a filter has a 2-dimensional shape. A general model of CNN contains four components: (1)

convolution layer, (2) pooling layer, (3) activation function and (4) fully connected layer, as shown

in Figure 3.

The convolutional layer is central to the CNN, which gives the model its name. In CNNs’ context,

convolution is the dot product between a filter-sized input region and the filter, which is summed,

resulting in a single value. Specifically, the filter is applied systematically to each overlapping part

of the filter-sized region of the input data, from left-to-right and top-to-bottom. This is shown in

Figure 4. Hence if we have k filters, then each region in layer i − 1 gives rise to a k-dimensional

vector as output.

Often convolutional layer’s output is passed through an activation function to introduce non-linearity.
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Figure 4: An example CNN convolution process on an input image matrix. At each application of
the filter (also known as the kernel) to a filter-sized region, the filter is convolved with a filter-sized
region; the received values are summed to produce a single value output. Then the filter is slid by
one square over the image from left to right, from top to bottom, and the same calculations are
performed to finally produce the output of the appropriate size. In this example, a 6 × 6 image
matrix is convolved with a 3× 3 filter to produce a 4× 4 output matrix. Figure is taken from [51]

ReLU (discussed in Section 2.1.1) is a popular choice for this case.

The next component is the pooling layers. The pooling layer performs the down-sampling operation,

which is applied after the convolution layer, thereby reducing the spatial dimension. The spatial

dimension defines the input regions, like x and y coordinates of a pixel in an image, rather than the

dimension that defines features for a region, like colour channels in the images.

Hence, the convolutional layer usually increases the size of the feature dimension (depending on

the number of filters), which is often followed by a pooling layer reducing the spatial dimension.

This way, a spatially structured input after multiple passes in the convolutional layer and pooling

layer squeezes into the output feature vector without spatial structure. The pooling layer can be of

different types: max pooling, average pooling and sum pooling. Max pooling is a common choice

for the pooling layer where the largest element from the region is the output.

Lastly, the fully connected layers operate on a flattened input where each input is connected to all

the neurons. They are commonly present towards the end of the CNN network and are used to

optimize objectives. For example, in the case of image classification, the CNN can be viewed as a

27



combination of two parts: (1) feature extraction and (2) classification. The convolutional layer and

pooling layer together perform the feature extraction task, while the fully connected layer performs

classification and generates the final output.

The CNNs are inspired by brain research in the 1950s and 1960s by D.H. Hubel and T.NWiesel on the

brain of mammals suggesting a new model for how mammals perceive the world visually [52]. Inspired

by this and consequent research works, Bengio, Le Cun, Bottou, and Haffner introduced the first

CNN in 1998 and called it LeNet-5 [53]. The model was able to classify hand-written digits. Later

on, after the success of another CNN network called AlexNet [54], CNNs got huge popularity in three

major fields - (1) Image classification [55], (2) object detection [56] and (3) segmentation [57], and

many advanced models have been proposed over the years. In successive years, many advanced CNN

models have been proposed, which have given state-of-the-art performance in many areas, including

image classification, object tracking, object detection, segmentation, human pose estimation, text

detection, visual saliency detection, action recognition, scene labelling, visual question answering,

speech and natural language processing, etc. [58].

The efficiency of CNNs compared to FFNN and the ability to avoid overfitting has been a major

contributor to the success of NNs and deep learning in general. Hence, CNNs are likely to remain a

central part of NN research in the foreseeable future.

In this project, the encoder has employed two different advanced architectures of CNN. The first

is VGG19 [59], used in our encoder (discussed in 3.3.1), which uses max-pooling in all the pooling

layers. It is an advanced CNN model, which is 19 layers deep, and pre-trained on more than a

million images from the ImageNet database [60]. Because of this, the network has learned rich

feature representations of a wide range of images and its frozen copy is used in this project.

Secondly, the I3D network [61] is also used in the encoder in the proposed model (discussed in

Section 3.3.1), which is a two-stream inflated 3D CovNet based on 2D ConvNet inflation. That is,

its filters and pooling layers are expanded into 3D. This leads to seamless spatio-temporal features
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being learnt by the network. This is significant to the case of video annotation as, unlike images,

video feature extraction will need to carry out for both spatial and temporal dimensions (more

discussion on this is given in Sections 5.3 and 3.1.2).

2.1.8 Recurrent Neural Networks

Recurrent neural networks (RNNs) are another variant of FFNN (described in 2.1.2), adapted to

work for time series data or data that involve sequences. While ordinary FFNN are only meant

for independent data points, they are not suitable for sequences where one data point depends on

the previous data point. That is, each input (xi) depends on those that came before (x<i). Hence

the FFNNs were modified to incorporate the dependencies between the data points. RNNs use a

concept of memory that helps them store the state or information of previous input to generate the

next output of the sequence. That is, at each time step, it processes the input, and the output is

produced conditioned on both the input and the internal state. It is then used to update the internal

state. The idea is that the internal state encodes the relevant contextual information. This allows

its output at each step to use information not only from the input but also the history of inputs up

to that point.

Let us understand the training procedure in RNN. The RNN is trained using the backpropagation

algorithm explained in Section 2.1.3. The RNN persist information using loops, where information

from the previous time step is carried forward in future time steps. The right figure in 5 shows an

unrolled version of the one-unit RNN for a better understanding of the passage of information. Each

cell in RNN is a simple FFNN (described in Section 2.1.2), also known as the vanilla RNN. Consider

a vanilla RNN similar to the one in Figure 5; the input to the unrolled version is the concatenation

of all elements in the input sequence, and the output is the concatenation of all elements in the

output sequence.

In the case of an FFNN, each sequence will be treated as a vector by concatenating all its elements,
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Figure 5: Architecture of one-unit Recurrent Neural Network. From bottom to top: first is the input
state, followed by the hidden state, and lastly, the output state. The diagram on the left shows the
compressed version of RNN, while the diagram on the rights shows unfolded version of RNN. W , U
and V are all network parameters which can be trained. Taken from [62].

but RNN offers several advantages over this. Firstly we can feed sequences of arbitrary length in it,

whereas FFNN would require each different network for different concatenated sequences. Secondly,

it reduces the model size by reusing the same weights for each input step. This reduction in model

size offers benefits the same as those mentioned in Section 2.1.7. Lastly, the RNN is more suitable

for cases where data points aren’t independent of each other.

Similar to the case of the CNN, the RNN makes some assumptions about the structure of the data,

which is - each sequence element is of the same type and so can be processed by the same set of

weights. This allows us usage of a constant number of weights for all the sequence lengths.

There are multiple common RNN architectures. Long-short term memory (LSTM) [63] and gated

recurrent units (GRU) [64], are two popular architectures. The architecture used in the encoder in

this project (discussed in Section 3.3.1) is the GRU. More discussion on GRU is presented below in

Section 2.1.9.

Lastly, due to several advantages RNN offers, as listed above, they have contributed to a significant

number of domains. Perhaps most notable is their applicability in natural language processing (NLP)

tasks. Whether language is represented as words, letters or speech acoustic signals, it is natural to

interpret them as sequences. Thus, this sequence can be very long and of variable length [65].
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2.1.9 Gated Recurrent Units

Gated Recurrent Units (GRsU) are a type of RNN that help retain the information longer, which

was first introduced in [64]. They use an update gate and reset gate, which helps decide what

information should be kept from the past and what should be discarded. Figure 6 shows an example

architecture of a single-GRU unit.

Update gate: It controls how much information from the previous step should be passed to the

next step. This has proved to be highly useful as it can theoretically send all the information to the

next step. This is given by:

zt = σ(Wzxt + Uzht−1) , (16)

where xt denotes the input at time step t, ht denotes the hidden state which holds the information

of the previous t− 1 time step, Wz and Uz are the trainable weights and σ is the sigmoid activation

function.

Reset Gate (Short term memory): This gate controls how much information from the previous

step will be discarded, given by:

rt = σ(Wrxt + Urht−1) , (17)

where the notations are the same as above. The calculation for the reset gate is the same as the

update gate; only the trained weight parameters are different from the update gates.

Current memory content (h′
t): The reset gate is now used to decide the amount of memory

from the past which should be retained, given by the equation 18.

h′
t = tanh(Wxt + rt

⊙
Uht−1) , (18)
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Figure 6: A gated recurrent unit cell. Taken from [66].

where W and U are the trainable weight matrices, and
⊙

is the Hadamard product. rt
⊙

Uht−1

contributes to deciding how much previous memory should be retained. This is added to the current

input, and memory content is calculated.

Final memory at the current time step: Lastly, the memory content which needs to be passed

to the next cell is given by:

ht = σ(zt
⊙

ht−1 + (1− zt)
⊙

h′
t) , (19)

where zt is the output of the update gate calculated in equation 16.

2.2 Logistic Regression

Logistic regression is a powerful statistical way of modelling a binomial outcome with one or more

explanatory variables, which is borrowed by machine learning from the field of statistics. In its

most basic form, logistic regression is a method for binary classification, where classes are usually

labelled as 0 and 1, or -1 and 1, for mathematical convenience. In the proposed work, binary logistic
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regression is used for assigning each fact to positive or negative class, given the input video and

model parameters (see 4.2).

Hence, it models the conditional distribution over the output Y , given the inputs X and model

parameters W , where Y (in binary classification case, Y is either 1 or 0) is a discrete value, and

X = {x1, x2, . . . , xn} is a vector containing discrete or continuous values. Now, the probability of

input X belonging to the positive class (P (Y = 1|X)), and negative class (P (Y = 0|X)) is given by:

P (Y = 1|X) =
1

1 + exp(−(w0 +
∑n

i=1 wixi))
,

P (Y = 0|X) = 1− P (Y = 1|X) ,

=
exp(−(w0 +

∑n
i=1 wixi))

1 + exp(−(w0 +
∑n

i=1 wixi))
,

(20)

where the parameter W = {w0, w1, . . . , wn} are calculated during training by maximising the cost

function (see 2.1.3).

Training and Regularization As discussed in 2.1.3, the logistic regressor is also trained and

requires regularization to reduce the variance of the model and avoid model overfitting (see 2.1.4).

The cost function for the logistic regressor is given by:

J(θ) = − 1

n

n∑
i=1

(yi log(p(yi)) + (1− yi) log(1− p(yi))) , (21)

where p(yi) is the prediction from the logistic regressor, while yi is the actual output, corresponding

to input xi.

In the context of logistic regression, there are two popular choices for regularization - ridge regression
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and lasso regression. Lasso regression (also known as l1 regression) is used in this thesis (Section

5.1.2, which adds an extra term to the cost function, which is the sum of magnitudes of all the

coefficients in the model, given by:

J(θ) = − 1

n

n∑
i=1

(yi log(p(yi)) + (1− yi) log(1− p(yi))) + λ

p∑
j

∥ wj ∥1 , (22)

where the first term is the same as the logistic regressor’s loss term, and the second term is a penalty

whose size depends on the total magnitude of all the network parameters. The term λ is known as

the tuning parameter that adjusts how large a penalty term will be. If λ = 0, we end up with no

regularization.

2.3 Logic

In this thesis, I aim to annotate videos with knowledge graphs. Knowledge graphs are a knowledge

representation formalism based on graphs, which can be used to model natural language understand-

ing. Though they are not completely based on logic, it has been shown that this is a graph-variant of

first-order logic, which is equivalent to standard first-order logic [33, 67]. This equivalence is useful

to handle logical deduction and inference, which is useful in the case of video annotation tasks.

Below I discuss these concepts.

Logic is the study of correct reasoning or good arguments, which is often defined in a more narrow

sense as the science of deductively valid inferences or logical truths.

Logical Notations The way in which logical concepts and their interpretations are expressed in

natural languages is often very complicated. Hence, a system of streamlined notations is developed

to express the logical information using logical symbols. There exist many logical notations with

varying syntax and semantics. The one which is relevant to this project is a subset of the system
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known as predicate logic, which is generally considered an extension of a simpler system called

propositional logic.

2.3.1 Propositional Logic

A propositional logic statement is formed using a combination of propositions, which is written using

upper case letters, and connectives, each of which has its own special symbol. So, the vocabulary

of propositional logic is a set of propositions and the set of logical connections. The propositions

consist of statements that can either be true or false, and the connectives are the logical relations

between these statements. If we label each proposition as true or false (or formally as 1 or 0), it also

assigns a truth value to the statement itself. That is, the truth value of a statement of propositional

logic is completely determined by the truth values of the propositions it constitutes. Formally, the

propositional logic statements are functions from the truth of their constituent propositions to {0, 1}.

The structure of this function is determined by the connectives in the statement, which is a binary

truth function. Commonly used 5 connectives are: ∧ expresses ’and’, ∨ expresses ’or’, ¬ expresses

”not”, ⇒ expresses ’entails’, and ⇐⇒ expresses ’is equivalent to’. Brackets can also be used in the

same way as algebra to show the order in composing the connectives. For instance, the statement ”If

Mary is outside, and it’s sunny outside, then Mary will be using sun protection” can be expressed

as:

(P ∧Q)⇐⇒ R

P := Mary is outside

Q := It is sunny outside

R := Mary using sun projection

(23)
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Let P = 0, Q = 1 and R = 0, then the statement is evaluated as true:

((0 ∧ 1)⇐⇒ 0) = (0⇐⇒ 0) = 1 (24)

2.3.2 Predicate Logic

The propositions in propositional logic have no internal structure. Predicate logic replaces proposi-

tions with logical atoms. So, like propositional logic, logical atoms have a truth value, but they also

have an internal structure. This internal structure allows predicate logic to express certain state-

ments which cannot be expressed in propositional logic. The vocabulary of predicate logic is a set

of predicates, a set of constants (together forming a logical atom), and a set of logical connectives.

Each predicate has a fixed number (or arity of the predicate) of constants with which it can form

an atom. A n−ary predicate (i.e. predicate with arity n) can be considered as a function from n−

tuples of constants to {0, 1}. For instance, the statement ”if Mary doesn’t like Sheldon and Sheldon

doesn’t like George, then Mary likes George” speaks about the same relation holding (or not holding)

between 3 different pairs of people. This statement cannot be expressed in propositional logic alone

but can be in predicate logic as follows:

¬likes(Mary, Sheldon) ∧ ¬likes(Sheldon,George)⇒ likes(Mary,George) (25)

Here the atoms (or negated atoms) are ¬likes(Mary, Sheldon), ¬likes(Sheldon,George) and likes(Mary,George),

also known as literals.

The term ’logical caption’ used in this thesis refers to the conjunction of closed literals formed

from either binary or a unary predicate. The former indicates class membership, as P (a) can be

interpreted to mean that individual a belongs to the class P , and the latter are called relations.
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Class membership is expressed as triple in this thesis, such that logical captions is a set of logical

triples. Such expression is obtained by defining classes as special individuals and introducing a

special membership predicate isA, which is binary. Then, instead of writing P (a), we can write

isA(a, P ) >.

When class predicates are represented using the isA relation and no predicates are used with arity

> 2, a logical caption can then be seen as a graph whose edges are relations and nodes are individuals.

This is termed as knowledge graph. No caption in the dataset used in this work (see 6) contains a

predicate of arity > 2, and so every caption in the dataset only admits an alternative interpretation

as a knowledge graph. As mentioned above, it is occasionally useful to consider logical captions in

this form.

2.3.3 Knowledge Graph

The term knowledge graph was introduced by Google in 2012 to refer to its general-knowledge base,

though similar approaches have been around since the beginning of modern AI in areas such as

knowledge representation, knowledge acquisition, natural language processing, ontology engineering,

and the semantic web [68].

Knowledge graphs are simplified semantic networks. As seen in Section 2.3.2, a knowledge graph

(KG) specifies the individuals (i.e. objects) present in the video and the facts that hold true of these

individuals. Each fact contains a predicate and the corresponding arguments: ⟨subject, predicate, object⟩

triples (a.k.a binary relations) in the case of binary predicates, and ⟨subject, predicate⟩ pairs (a.k.a

unary relations) in the case of unary predicates. Hence, a fact expresses a relation between two in-

dividuals (like play(girl,music)) or an attribute of an individual (like little(girl)). Remember from

from Section 2.3.2, a knowledge graph contains predicates with arity≤ 2. A visual representation

of a KG is shown in Figure 12, where nodes representing individuals are shown in blue, nodes rep-

resenting attributes are shown in orange, and nodes representing relations are shown in red colour.
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So, in this thesis, the focus is restricted to unary and binary relations only.

Knowledge Graphs and Logical reasoning Logical Reasoning helps in establishing mathemat-

ical arguments as valid or invalid. Therefore it is advantageous to use logical captions compared to

natural language captions, as the former enables logical reasoning. Using logical reasoning, a set of

true logical atoms can be used to infer additional atoms to be true using a set of rules. For example,

given the set of formulae : {f(s), g(a)}, and the rule k(X) ← f(X), then we can infer additional

true atom k(a).

A semantic ontology is a set of such rules. So, semantic ontologies can augment a given amount

of information with background knowledge. This makes logical inference possible when required.

For example, if a video depicts ”a man playing the guitar”, i.e. the logical annotation for the

video is play(man, guitar), then using semantic ontology rules, it is possible to make inferences

like (man(X) ← person(X)), i.e. it captures commonsense of human reasoning that all men are

persons, and so the caption play(man,music) is interpreted in a more holistic, human-like sense.

Further, linking nodes from the KG to a semantic ontology (or knowledge base) facilitate automatic

word-sense disambiguation, which is necessary in the case of polysemous words, which are words

with multi distinct senses (see 6.4). Though we do not perform logical inference in this work, it can

very easily be performed by extending the model. The knowledge base used here is WordNet [69]

described in Section 2.4.

2.4 WordNet

WordNet [69] is a large lexical database of English. In the database, all the nouns, verbs, adjectives

and adverbs are grouped into sets of cognitive synonyms (synsets). Each synset expresses a distinct

concept. The synsets are interlinked through conceptual semantic and lexical relations. Hence, it

semantically links all words in the English language.
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Synonyms (like between words shut and close or car and automobile) are grouped into the unordered

set (synsets). Each WordNet’s 117000 synsets are linked to other synsets utilizing a small number

of conceptual relations. The synsets are also accompanied by a brief definition illustrating the use

of the synset member. Polysemous words (word forms with several different meanings) have distinct

synset, and so each form-meaning pair in WordNet is unique [70]. In Section 6.4, a discussion on

how WordNet is used to link to the nodes in KG is presented.

2.5 Local Closed-World Assumption

The ground truth obtained from the dataset only contains positive facts. In a naive implementation

where only the positive facts are used for training, the model will predict everything to be true. Under

this implementation, the model would produce a very low loss value and very high probability for

every possible atom, giving perfect accuracy. This is, of course, irrational as the model is expected

to predict negative facts where appropriate. Hence, we are also required to train the network to

produce low probability values for all those atoms which do not hold true of the given video.

However, making a closed-world assumption (CWA) on the dataset, i.e., assuming all the atoms

which are not in the dataset are false, is incorrect in my case. This is because CWA is only

applicable when the dataset has complete knowledge (about the domain), which is not the case with

the dataset I am using. A suitable caption for a video contains only the most relevant information

about the video, but it does not contain every possible truth about the video, and so there are truths

about the video which is not present in the captions.

For example, a video depicts a man eating a carrot in a big kitchen. The caption may just only

say ”A man is eating” and not include captions like ”A man is in a large kitchen”, even though the

latter is true. That is, the atoms in(man, largeKitchen) are true but wouldn’t appear in the caption.

Hence as illustrated by this example, making a closed world assumption is too strong in our case.

Instead, a weaker assumption known as a local closed-world assumption (LCWA) [71] is more ap-
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propriate in my case. Under LCWA, it is assumed that if an atom is not present in the caption of

the video but is:

1. sufficiently close to an atom which is present in the caption. Sufficiently close mean differing

only by one of the two arguments. Since we are only considering unary and binary predicates

(as discussed in 2.3.3), all facts will ≤ 3 components, which is the predicate and up to 2

arguments.

2. negation of this atom does not contradict the logical caption itself.

Then this atom is false. Hence, the literal formed by negating the atom can be added in the caption.

Therefore, if an atom P (a.b) is present in the caption, then for each constant a ′ ̸= a, such that

¬P (a ′, b) is not in contradiction with the logical caption itself, we can add the negative literal

¬P (a ′, b) and similarly, ∀b ′ ̸= b.

Let’s consider the above example again; here, we assume that it is false that ”a man is eating mango”

or ”a woman is eating carrot”, but we don’t make any assumption about ”a woman eating mango”.

LCWA relies on the assumption that any ’relevant’ atom will be contained in the caption if it holds

true for the video. Here ’relevant’ refers to the predicate and individual that are present elsewhere

in the video caption.

For instance, if a video depicts ”a man and women both eating carrot”, we will assume that the

literal eats(man, carrot) and eats(woman, carrot) will appear in the caption. That is, the natural

language caption would be something like this, ”a man and woman are eating carrot”, instead of only

”a man is eating carrot”. This means that if eats(woman, carrot) is not present in the caption, then

we assume it does not hold true for that video. So, we can add its negation to the ground truth logical

caption, ¬eats(woman, carrot). Similarly, we can also add eats(child, carrot), ¬(woman,mango),

etc. However, we cannot add ¬in(man, bigRoom) because it differs from the original atom in both

subject and object argument, and so it does not qualify as sufficiently ’relevant’. To put it another
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way, it is expected from the natural language caption to reflect the presence of other people in the

video, as it has already provided some knowledge about the humans who are present, but it is not

necessarily expected for the caption to include information about the layout of the room the man is

in because the caption has not mentioned anything about the room layout anywhere.

Though the LCWA assumption is not faultless, it is a standard in this field to evaluate the accuracy

of logical predictions [72, 73]. It provides a simple way to prevent the network from learning to

predict all atoms as true.

I have used LCWA to create a set of negated facts, referred to as F , which the model also learns

to predict. Essentially, to obtain the corrupted version of facts, I replace the predicate with a

different predicate from the vocabulary. For example, the fact eat(man, carrot), can be corrupted

to ¬fold(man, carrot), which is then added to F . Then while computing the loss function for

training the neural model in 4.2, I take the set T of facts to be those given by the logical caption

(after it has been passed through the Stanford NLP syntactic parser, see Section 6.4), and take a

set of F of negative facts which are received by corrupting the facts as described here.
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3 Related Work

3.1 Natural Language Generation from Visual Contents

Natural language models for visual understanding systems have been a popular research paradigm.

In this regard, both image and video captioning have received a fair bit of attention, where attempts

have been made to develop a semantic understanding of visual input’s content and automatically

translate them into natural language.

The state-of-the-art models have shown promising results. However, there are several shortcomings

to them and they are far from being considered a solved task. Introduction (Section 1) highlights

some of the major shortcomings of using natural language for annotation tasks. Adding to that

shortcoming, the models are often hard to interpret, that is, it is difficult to know why the particular

NL sentence was generated. Existing methods show good performance on the datasets collected from

the same domain, but often the generalization capability is not satisfactory.

Nevertheless, the research in this area has produced important results, which have inspired the area

of structured representation of annotation data. Here I discuss some of the important research in

the area of image captioning and video captioning tasks.

3.1.1 Image Captioning

Image captioning is the task of describing the visual contents of the image in a natural language by

employing a visual understanding system and a language model capable of generating meaningful

and syntactically correct sentences.

Following an initial impressive result of [74], the vast majority of current approaches use a combined

system of CNN and RNN (both architectures are discussed in detail in Sections 2.1.7 and 2.1.8

respectively) both of which have shown very strong results over the past decade. Since then, the
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task has been improved upon using several additional techniques. [75, 76] uses an attention-based

network where the images were first encoded using CNN. This is followed by a language generation

phase, where words or phrases are generated from the encoded output of the CNN. At each step of the

language generation, salient regions of the image are focused, and captions are updated dynamically

until the end of the state of the language generation phase. Techniques such as deep reinforcement

learning (a sub-field of neural network research) have also been proposed for this task [77, 78].

Current state-of-the-art models have shown remarkable progress in recent years, which can produce

accurate natural language captions for a diverse range of input images. See [21, 79] for an up-to-

date and comprehensive review of the existing deep-learning-based techniques. However, a robust

image-captioning method that can generate high-quality captions for nearly all images is yet to be

achieved.

3.1.2 Video Captioning

Traditionally, video captioning tasks aimed to collect natural language phrases that could explain

the video contents. It is a more complicated task than image captioning, as it needs to capture the

motion trajectory of related objects, causality of events, acts, and respective objects to understand

the video. Because of this, one needs to capture visual, spatial and temporal features, unlike image

captioning, which only requires capturing visual features.

In all these research fields, large datasets have played vital roles in the captioning system. At

the beginning of video data collection, datasets were created with video-specific categories such as

cooking, makeup, movies etc [80–82]. However, this made the models lack proficiency in operating

across all domains. This moved the focus towards open-domain datasets, among them MSVD [83],

and MSR-VTT [84] have been the most prominent [85–87]. Hence, in this work, I have also utilised

these two datasets (detailed in Section 6).

The task of video captioning in recent years mainly adopts the encoder-decoder architecture: (1)
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The encoder first extracts features from video data; (2) In the second stage, a decoder is utilised,

which converts the extracted features into NL-descriptions. In the recent past, CNNs and RNNs have

come out as the most powerful architectures for these tasks [87] (both the architectures are discussed

in detail in Sections 2.1.7 and 2.1.8 respectively). Commonly, the encoder consists of 2D- or 3D-

convolutional neural network that could convert the input into a fixed-length vector representation,

which is then decoded by an RNN-based decoder (such as LSTM or GRU). Venugopalan et al. [88]

first proposed such a framework, where a CNN called AlexNet [89] was used to extract visual features

for each frame, and an RNN (LSTM) architecture was used as a decoder to encode visual features

as a sequence of words. However, the work did not consider the temporal domain in the encoder.

The work tried to represent the information using a single, temporarily folded feature vector which

failed to exploit the temporal structure in the video. This lead to wrong sentence generation, as

different event and objects in temporal sequence may fuse incoherently.

Later on, several attempts were made to get rid of this bottleneck. The attention mechanism which

was popular in other areas was also applied here, which led to improved performance. An early

example includes the work by Yoa et al. [90], where the encoder first fed the video through a 3D-

CNN followed by an RNN to produce an encoded sequence of feature vectors produced by the CNN.

The decoder then took the attention-weighted sum over these feature vectors and used a language

model to produce a natural language caption. Several authors such as [91–93] also suggested using

both 2D and 3D-CNN for encoding the spatio-temporal features during the encoding phase. The

current state-of-the-art approaches are often roughly divided into two categories: (1) pre-trained

CNN networks like VGG (for RGB frames) [59] are usually used to extract visual features followed

by an RNN (usually an LSTM or GRU) for extracting temporal information (examples include - [94–

96]). Here the video is treated as a sequence of visual features, where the RNN tries to encapsulate

the context information of a sequence of data into the hidden state of the RNN layer at the final

step; (2) In the second method, the models extract visual features using 2D-CNN but mainly rely

on the 3D CNN to capture the temporal information in the encoder. Examples include [90, 97].
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As we will see in Section 3.3.1, the encoder adpoted in the proposed model in this work is based on

a combination of pre-trained 2D-CNN, RNN and 3D-CNN is used for encoding the visual, spatial

and temporal features from the video.

Lastly, the quantitative evaluation of captions generated for video or image captioning is a difficult

task [98]. They cannot be measured by standard ML evaluation metrics like accuracy and F1-score.

Instead specially designed metrics like BLEU [27], METEOR [28], LEPOR [29] etc., are required.

Recognising the imperfections of each of these, authors typically report scores on multiple metrics,

none of which has a simple and intuitive interpretation, which makes the performance evaluation

difficult [2, 21].

3.2 Incorporating structured knowledge in annotation task

As outlined in the introduction, there are strong theoretical and practical reasons why the structured

formal representation of knowledge in deep learning is a promising avenue of research. There are

notable shortcomings to current annotation methods, which can be efficiently re-explored using

formal, structured knowledge. Recognizing this potential, the incorporation of symbolic knowledge

has been explored by numerous authors, across a wide range of deep learning tasks, with proposals

of several methods to bridge the gap between deep learning and symbolic knowledge [99–103].

Apart from the benefits mentioned in 1, combining symbolic knowledge and deep learning also allows

neural networks to learn from existing symbolic techniques instead of having to learn their task from

scratch. This got recognised in the context of visual question answering (VQA) in [104] where the

DL model was augmented with symbolic techniques for image extraction. VQA is often understood

as a computer vision task where a system is given a text-based question about an image, and it must

infer the answer [105]. The work in [104] produced the state-of-the-art performance on the Visual

Genome dataset. This model used computer vision algorithms to detect visual elements like objects,

persons, and relations between them and built the VQA model on top of this. Thereby, their VQA

45



model only had to reason over this explicit high-level representation of the contents of the image.

Adding to the above advantage, it also makes the deep neural network more interpretable. Being

a black box has been a well-known shortcoming of a typical deep learning architecture [106–108].

In these models, it is hard to understand the inner working, and so it is difficult to diagnose the

problem when the model fails or when it is behaving unpredictably.

Since a visual input often denotes complex relationships between objects, a structured graphical

representation has often been advocated in literature [1, 31, 109, 110]. This is because graphical

representation can encode abstract semantic elements, i.e. objects and their interactions, in nodes

and edges, respectively, and are visually comprehensible, and it is possible to apply explainable

reasoning to them.

This idea started to be explored in image annotation tasks using scene graphs. Johnson et al. first

proposed the idea of scene graphs [31] and Real-World Scene Graphs Dataset (RW-SGD), which

became the first dataset to be created for scene graph generation and application (image retrieval).

A scene graph G is a data structure which consists of directed graphs, defined as a tuple G = (O,E),

where O = {O1, O2, . . . , On} is a set of objects. Each object has the form oi = (ci, Ai), where ci

is the category of the object and Ai are the attributes of the object. E ⊆ O × R × O is a set

of directed edges which are the relationships between objects [111]. Scene graphs became popular

with the Visual Genome dataset in 2016 [30], where the authors recognised while existing systems

could perform well in perception tasks like object segmentation and classification, they lack the

cognitive ability to correctly identify attributes of an object or the relationship between them. The

dataset contained 100,000 images densely annotated with scene graphs. Due to the lack of any

such structurally annotated video dataset, this project has also leveraged Visual Genome, but for a

different task, to incorporate commonsense knowledge in the proposed model. A thorough discussion

on this dataset and my approach of using it is given in Section 6.3 and 4.3.3 respectively.

Since then, scene graphs have proved highly successful in tasks such as image captioning [109, 112]
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and visual question answering (VQA) over images [110, 113, 114], image retrieval [15, 31] and image

synthesis [115]. For example, [109] used scene graph representation of an image to encode semantic

information. It developed semantic and spatial graphs and encoded them in feature vectors using

Graph Convolutional Network (GCN).

This also inspired the work in video-based tasks, where authors tried to extract structured semantic

content. Several researchers such as [116–118] constructed a scene-graph for every video frame

followed by inter-frame representation learning to produce holistic video-level features for tasks like

reasoning. In [119], the authors proposed VidSGG for producing a structured representation of

video for high-level understanding tasks, where they too constructed scene graphs for every video

frame. However, a scene graph for every frame may be redundant and may even be computationally

expensive for longer video sequences.

Particularly towards the video annotation task, in [1], the authors made the first initial attempt to

generate structured descriptions for videos for the automated video annotation tasks. They leveraged

knowledge graphs and outside knowledge using linked data ontology (see 2.4) and tested their model

on a formally annotated dataset generated using the MSVD dataset.

Knowledge graphs are another form of structured representation, which is of particular importance

in this project. There are similarities between a knowledge graph and a scene graph, such as their

graphical structure and constituent elements. However, scene graphs are often understood as being

visuospatial, i.e., they say what is where in the scene. This is often done by associating the nodes

with a bounding box to various entities in a scene in the visual input[30, 120, 121]. To generate the

bounding box, the model also needs to predict the coordinates of the entities in the visual input. On

the other hand, knowledge graphs can represent any sort of knowledge, so there is no requirement

for its node to have a bounding box [122]. This property of a KG is highly desirable because we no

more need to make a scene graph for every video frame and can associate only one knowledge graph

with one video.
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Next, in a structured annotation such as a scene graph or knowledge graph, it is also possible to

link nodes to a knowledge base which makes them incorporate commonsense knowledge about the

world, which is very helpful while identifying complex situations [1, 2, 30]. For example, if we know

a man is a sub-type of a person, so only training the model on man−riding−Bike is sufficient, and

the model can generalise it to person− riding−Bike on its own. This idea is intuitively promising,

and hence in this work, a knowledge graph is utilised to annotate the videos structurally.

In [2], the authors followed the work in [1] and made another attempt to extract KG from a video for

the video annotation task. The knowledge graphs’ nodes were linked to ontology (WordNet [123]),

which made logical inferences like the above example possible. Due to the lack of any suitable

dataset, they created a KG-annotated video dataset from MSVD and MSR-VTT datasets as well.

Hence, the work in this thesis is inspired by the above two works [1, 2] and attempts to annotate

videos using KGs. [2] has also been used as a baseline for my work. There is still a lack of

any KG-annotated manually constructed datasets, due to which the dataset used in this thesis is

generated using the framework proposed in [2]. In their implementation, an encoder is utilised for

encoding the video. As discussed in 3.1, the state-of-the-art encoders often use a combination of

CNNs and RNNs, which is also been used in [2]. Due to its success, my model also adopted this

encoder architecture discussed in Section 3.3.1. The encoded video is then fed to a multi-classifier

(called an individual-multi-classifier) to identify objects in the video (it uses an MLP (2.1.2) for this

task, discussed in 3.3.2). These detected objects were combined with every possible combination of

attributes and relationships from their vocabulary to generate a possible set of facts and were fed

to another classifier (called predicate-MLP, discussed in 3.3.3) which could classify if the fact is true

for the given video or not. The results shown were promising.

Hence, the approach proposed in this work is more close to the baseline model [2], the significant

difference being - the possible set of facts is generated using a combination of three conditionally

independent multi-classifiers followed by a framework to combine them, which could filter irrelevant

48



facts at before the next stage. While the linking of nodes to WordNet [123], made logical inference

possible, I also introduced a novel framework to use an independent dataset to impart commonsense

knowledge in the model output. This also made the model generalize well on unseen data compared

to [2]. The work in this thesis has shown significant improvement over the baseline model over

several different dimensions (see 7).

3.3 Baseline Neural Model Components

In this section, I discuss three components of the baseline model [2], which has been adopted in the

proposed system in this thesis due to compelling reasons discussed in Sections 3.2 and 5.3.

3.3.1 The Encoder

The encoder takes in a sequence of raw and unprocessed video frames as input and outputs an

identical-length sequence of encoded video frames. The encoded video frames have much smaller

dimensions than the original input frames.

Let the input X be a set of videos, where each video, x = [x1, x2, . . . , xn] is a set sequence of 3-

dimensional video frames forming a 4-dimensional video tensor. In practice, all the operations are

batched, so each video tensor contains an additional batch dimension. The encoder f produces a

fixed length feature vector f(x) for each x ∈ X.

For a given video x = [x1, x2, . . . , xn], the encoder first applies a pre-trained version of VGG19 [59]

model to each frame xi, i.e., vgg(x) = [vgg(x1), vgg(x2), . . . , vgg(xn)], where vgg(xi) ∈ R4096. Then

the output of the 3rd last layer is taken as the ith frame encoding, ζi, as the output.

This is because VGG19 is a CNN trained for image classification of over 1000 possible objects [59].

Hence, the final layer is a vector of size 1000, which is designed to select the most suitable of 1000

possible image classes. So, instead of using this as the output layer, the encoder uses the activations
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from the 3rd last layer. This is done as these activations would encode more general features, while

the last two layers would be specialised to the specifics of the classification task VGG19 was designed

for. This is a standard approach taken by others in this field as well [124–126].

Next, the sequence of frame encodings ζ1, ζ2, . . . , ζn is passed through a 3-layer gated recurrent unit

(GRU) [64] (i.e. the Encoder RNN), producing a sequence ζ1, ζ2, . . . , ζn. This makes the first stream

of the encoding, given as fa(x),

fa(x) = [ζ1, ζ2, . . . , ζn] ,

where ζi = [GRUenc(ζi−1, ζi)] = [GRUenc(ζi−1, vgg(xi)] .

(26)

As a second stream, the feature vector is computed from a frozen copy of the I3D network [61]. I3D

network is a two-stream Inflated 3D ConvNet. It is based on 2D ConvNet inflation, where filters

and pooling kernels of very deep image classification CovNets are expanded into 3D. This makes

it possible to extract spatio-temporal features from videos. The encoder utilises the pre-trained

checkpoint of RGB NumPy arrays as inputs (trained from scratch on Kinetics-600). This is chosen

as its state-of-art action recognition model and is commonly utilised in the task of video captioning.

Finally, the output of the encoder is a concatenation of this I3D feature vector and a weighted sum

of the ζis’, weighted by a learnable n-dimensional vector w. The encoder is defined as:

f(x) = w.fa(x).I3D(x)

= w.GRUenc(V GG(x)).I3D(x) ,

where I3D(xi) ∈ R1024

(27)
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The value of w is chosen as the network hyper-parameter. Hence the encoder defined by Equation

27, has dimension:

dim(f(x)) = 4069 + 1024 = 5120 . (28)

The output from the encoder is referred to as frame encodings.

3.3.2 The Individual Multi-classifiers

The individual multi-classifiers are used for predicting the individuals present in the input video.

They are multi-layer perceptrons, which take the video encoding as input and output the probability

of the presence of an individual from the vocabulary in video. Hence, the input size of the multi-

classifier is equivalent to the video encoding, given by dim(f(x)) = 5120 (using encoder defined by

Equation 27). It has one hidden layer.

3.3.3 Predicate MLPs

Each predicate is assigned separate a MLP, which contain one hidden layer. The input size is

dim(f(x)) + D, in case of unary facts and dim(f(x)) + 2D in case of binary facts. Here D is the

size of individual(s) vectors (300 in my case).
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4 Proposed System

In this chapter, I will formally explain the problem statement, followed by a discussion on the

proposed approach and the DL-model proposed to annotate videos using knowledge graphs.

4.1 Problem Formulation

The goal of the proposed network is to annotate the semantic information in input videos with

knowledge graphs. Formally, given a video V to the network and an ontological knowledge base,

KB (consisting of domain knowledge about V ), the network should compute some representation,

SV , of its semantic content. The representation should be such that it can be queried by the

user to see what facts hold true of the video. The representation SV is a knowledge graph in this

work, which has been discussed in detail in Section 2.3.3. The KG contains the individuals present

in the video (or the objects) and the facts that hold true of the individuals. A fact expresses

relation between two individuals (for example, walk(man, dog)), or an attribute of the individual

(for example, black(dog)). In this work the unary facts are often denoted as ⟨subject, predicate⟩,

where the associated predicate is also referred as attribute in this work. Similarly, the binary fact is

denoted as ⟨subject, predicate, object⟩, and the associated predicate is referred to as relation in this

work (these notations are discussed in Section 2.3). Attributes and relations together constitute the

predicate component, while the subject and object are the individuals in the video.

4.2 Deep Learning Model Architecture

In this section, the deep learning model used for annotating videos using knowledge graphs is formally

described.

Let X be the possible set of input videos and KB be a knowledge base containing ontological domain

knowledge about X (see 2.4). Let our vocabulary consist of a set of I of all individuals and P a set
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of all predicates that appear in KB. Further, P comprises the set C of all the attributes and set R

of all the relations in the vocabulary. That is, P = C ∪ R, where ∪ is the set union. Let the set of

statistics extracted from the Visual Genome dataset be given by V G.

Then, the neural architecture for annotating videos with KG’s consists of the following eight com-

ponents:

1. An encoder f : X → Z, where Z is the space of extracted feature vectors. The function f

encodes raw unprocessed video frames to fixed length feature vector Z.

2. A multi-classifier for individuals, g : Z → (0, 1)|I|. The multi-classifier returns the probability

that each individual in vocabulary being present in x.

3. A multi-classifier for attributes, h : Z → (0, 1)|C|. The multi-classifier returns the probability

if each attribute in vocabulary being present in x.

4. A multi-classifier for relations k : Z → (0, 1)|R|. The multi-classifier returns the probability if

each relation in vocabulary being present in x.

5. A set of predicate multilayer perceptrons (MLPs), {mp|p ∈ P}, corresponding to all the

attributes in C and relations in R. They take individual vectors and video encoding as input

and output a single probability if the corresponding fact ( < subject, predicate, object > or

< subject, predicate >) is present in x or not.

6. A set of trainable individual vectors: {vi|i ∈ I}.

7. A set of predictions produced using the Visual Genome dataset, by utilizing Bayesian frame-

work and statistics V G extracted from the Visual Genome dataset.

8. A Logistic Regressor, lr : [0, 1]2 → [0, 1], where the input is {pmp , pV G}. pmp ∈ [0, 1] and

pV G ∈ [0, 1] is the probability for each fact a hold true of the input video x, produced by mp

and V G respectively.
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Figure 7: Description of the proposed approach for annotating a video input with knowledge graph,
as explained in Section 4.3

4.2.1 Attributes and Relations Multi-classifiers

The attribute multi-classifier h and relation multi-classifier k are used for predicting the attributes

and relations present in video x, respectively. They both take the video encoding as input and

output the probability of the presence of attributes and relations from the vocabulary in the video,

respectively. The multi-classifiers are independent of each other.

Similar to individual multi-classifier (3.3.2), the input size of both the multi-classifiers is equivalent to

the video encoding, which is dim(f(x)) = 5120. They both have only one hidden layer. The output

of the attribute multi-classifier is the multi-class probability of each attribute from the vocabulary

being present in the video. Similarly, the output of the relation multi-classifier is the multi-class

probability of each relation from the vocabulary being present in the video.

4.3 Proposed Approach

To achieve the proposed task of video annotation using KG, I begin with a dataset of videos,

synthetically annotated with corresponding KGs, using the dataset generation steps discussed in

section 6.4, an ontological knowledge-base (KB) (discussed in Section 2.4) and a set of statistics

extracted from Visual Genome dataset (see Section 6.3.1). The goal is achieved in the following

phases, as shown in Figure 7.
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Step 1: First, the input video x is encoded using the encoder f (see Section 3.3.1) to produce the

video encoding e. The encoder architecture is adapted from the work [2] because of its

success reported in the paper. Section 5.3 further elaborates on the reasons for choosing

this encoder for my work.

Step 2: The video encoding e is then fed to the individual multi-classifier g (see 3.3.2). The outputs

from the multi-classifier is a set of probabilities corresponding to each component in the

vocabulary I, given by PI = {g(e)i|i ∈ I}. The probability signifies if the corresponding

individual is present in x.

Step 3: Similar to Step-2, video encoding e is fed to attribute multiclassifier h (see 4.2.1). The out-

puts from the multi-classifier is a set of probabilities corresponding to each component in the

vocabulary C, given by PC = {h(e)c|c ∈ C}. The probability signifies if the corresponding

attribute is present in x.

Step 4: Again, encoding e is fed to relation multiclassifier k (see 4.2.1). The outputs from the

multi-classifier is a set of probabilities corresponding to each component in the vocabulary

R, given by PR = {k(e)r|r ∈ R}. The probability signifies if the corresponding relation is

present in x.

The attributes and relations together constitute the predicates for the given video. All three

multi-classifiers, i.e. g, h and k are conditionally independent, given encoding e.

While the baseline work [2] did use individual multi-classifier to predict individuals in the

video, it did not use attribute or relations multi-classifiers. This resulted in using predicted

individuals with every possible combination of attributes and relations in the vocabulary.

This is in-efficient as running predicate MLPs on all possible combinations for unary and

binary facts is very expensive. To improve this, I have introduced multi-classifiers for at-

tributes and relations here. Using them, I now only need to use a subset of attributes and

relations instead of all of them for every video. This approach also has several other ad-

vantages, including superior quantitative results and decreased time complexity, which is
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discussed in detail in section 7.

Step 5: Now, from the output of the individual, attribute and relation multi-classifiers (PI , PC and

PR respectively), a set containing a combination of individuals and predicates is chosen to

build a set of candidate unary and binary facts, for the given video. Section 4.3.1 discusses

our method for producing candidate unary and binary facts. This is an important step, as

a poor selection of facts will degrade the model’s performance (as seen in the ablation study

in 8.3).

Step 6: Then, a set of MLPs (referred to as predicate-MLPs, discussed in 3.3.3), corresponding to a

subset of predicates in the vocabulary are used to get the predictions for facts for each video.

The candidate set of facts received from Step-5 is used for this step. Then, for each fact

in the candidate set, predicate-MLP corresponding to the predicate in the fact is fed with

encoding e, and individual vector(s) corresponding to the predicted individual(s) in the fact.

That is, the predicate-MLP takes encoding and an individual vector vi (for unary facts), or

two individual vectors vi and vj (for binary facts), and produces a single probability output

denoting if the fact is true of that video x. This produces the first set of predictions.

Step 7: Next, the second set of predictions is also produced for the candidate facts produced in

Step-5. This is because, while the predicate-MLPs can predict the truth value of a fact for a

given input, but it lacks commonsense knowledge, such as a fact drive(man, car) is possible

in the real world, but a fact swing(man, car) is not possible. So this step accounts for such

cases. Further, predicate-MLP might not produce correct facts on its own when it has less

particular information about the video domain or the dataset. This is particularly common

in our case, as the KG-annotated video dataset is not available in the literature (as per my

knowledge). As we will see in 8.2, this step also increases the generalization capability of

the model.

To execute this step, statistics from a large image dataset, Visual Genome [30] (see in 6.3)

is built and used. Visual Genome, being much larger than other data sets used here, could
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encode more general world information in its statistics and is independent of the above

model (explained in section 4.3.3). The second set of predictions will be used to modify the

predictions given by predicate-MLPs, in Step-6. As we will see in section 8.2, it benefits the

most in untrained/not fully trained networks, signifying not having particular information

for the input dataset. Information from Visual Genome is leveraged in two steps:

(a) A set of statistics which describes the individuals, attributes, relations and facts in

the images are extracted from the whole Visual Genome dataset using the pipeline

discussed in section 6.3.1.

(b) Predictions are given by calculating the expected value of the fact a under the Bayesian

posterior of fact being true given the statistics. This step is repeated for each candidate

fact from Step-5 to produce a second set of predictions. This discussed in Section 4.3.3.

Step 8: Now, for each fact in the candidate set (Step-5), there are two predictions, produced in

Step-7 by using Visual Genome statistics and Step-6 given by predicate-MLPs.

These two probability values are input to a logistic regressor, and the target is to classify the

corresponding fact as true or false for the given input x (i.e. perform a binary classification

task).

Step 9: Finally, all the true facts received from Step-8 are combined to produce the knowledge graph

for the input video x. This step is discussed in Section 4.3.4.

The resultant network takes raw video as input x and produces a set of facts (and negated facts)

representing that video’s semantic content. Concisely, the proposed approach is shown in Figure 7.

Below we describe various steps taken in the proposed approach in detail.

4.3.1 Combination of predictions from three multi-classifiers to get candidate facts

Here we elaborate Step-5 in the proposed approach (see Section 4.3). After receiving the predictions

PI , PC and PR corresponding to the set of individuals I, attributes C and relations R from respective
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classifiers, for the video x, we need to combine respective predictions to get a set of candidate facts.

This task can be approached in broadly two following ways:

Naive Approach: The probabilities from each of the multi-classifiers are thresholded at threshold =

0.5 or using an adaptive threshold (adaptive threshold could be calculated using criteria such as -

choosing threshold which increases overall accuracy in training dataset). Let the sets PI , PC and

PR be thresholded, and we receive the sets I ′, C ′ and R′ of individuals, attributes and relations

respectively, for the input video x. That is, I ′ = {i ∈ I|g(e)i > threshold}, C ′ = {c ∈ C|h(e)c >

threshold}, R′ = {r ∈ R|k(e)r > threshold}, where g(e)i is the probability output for individual i

in vocabulary produced by individual multi-classifier when fed with encoding e. h(e)c and k(e)r is

similary defined for respective multi-classifiers.

Then let the set of all candidate unary facts be given by U = I ′ × C ′ for x. Similarly, let the set of

all candidate binary facts is given by B = I ′ × I ′ × R′. Later on, all the facts from U and B are

tested using predicate-MLPs and Visual Genome to get the prediction if the facts hold true of the

given input video encoding e, as explained in Steps-6 and 7.

Hence, the set of all predicate-MLPs that I will need to run will be {mp|p ∈ P, P = C ′ ∪ R′}.

For each fact a, a pair a = ⟨subject, predicate⟩ = ⟨i, c⟩ in set U = {a1, a2, . . . , ac}, individual

vector vi corresponding to the i, along with video encoding e, is fed to the predicate-MLP mpc

corresponding to the attribute c in the fact. Similarly, for each binary fact in set B, individual

vectors corresponding to subject (vs) and object (vo), along with video encoding is fed to the

predicate-MLP mpr
, corresponding to relation r in the binary fact.

This would require |P |×|n| passes, where |n| is the number of individuals predicted by the individual-

multi-classifier for the input video, and |P | is the combined number of predicates in C ′∪R′. However,

this naive approach has the following shortcomings:
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1. The threshold is constant among all the inputs for the same component. However, depending

on video quality, the size of I ′, C ′, and R′ could vary greatly and could potentially lead to an

empty set (∅). This might not be true in many cases.

2. Also, using this approach would mean treating individuals, attributes and relations separately.

However, our goal is to infer facts, and so we need to consider them together to produce the

set of candidate facts.

Alternate Approach: Alternatively, a better approach would be to account for the fact that

individuals should be considered in conjunction with associated attributes and relations. for each

given input video.

All the multi-classifiers have been trained independently, using the encoding. Hence, the multi-

classifiers g, h and k are independent given the encoding e. In literature there exist different possible

combination methods for classifier output such as minimum rule, maximum rule, weighted average,

mean, product rule etc. [127], which works well in practice. However, it would be beneficial to devise

a combination strategy on a fundamental basis, which is taken here.

Formally, the probability of a fact a occurring is actually the joint probability of (subject and

attribute) or (subject, object and relation) occurring together, given the input video encoding. Let

the probability of a fact a occurring be P (a ∈ A|e), where e is the video encoding of the corresponding

input video x. Then,

P (a ∈ A|e) =


P ((s ∈ I ∩ c ∈ C)|e), if Size(a) = 2 (unaryfact)

P ((s ∈ I ∩ o ∈ I ∩ r ∈ R)|e), if Size(a) = 3 (binaryfact) ,

(29)

where Size(a) denotes number of components/atoms 1 in fact a.

1In this thesis, each constitutent elements of the facts have often been called as atom
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Since, the classifiers are conditionally independent, i.e. independent given the input video encoding,

we get,

P ((s ∈ I ∩ c ∈ C)|e) = P (s ∈ I|e)× P (c ∈ C|e) ,

P ((s ∈ I ∩ o ∈ I ∩ r ∈ R)|e) = P (s ∈ I ∩ o ∈ I|e)× P (r ∈ R|e) .
(30)

Using equation 30, the probability of a fact a occurring given the video encoding e.

P (a ∈ A|e) =


P (s ∈ I|e)× P (c ∈ C|e), if Size(a) = 2 (unaryfact) .

P (s ∈ I ∩ o ∈ I|e)× P (r ∈ R|e), if Size(a) = 3 (binaryfact) .

(31)

Equation 31 for binary facts can be further simplified. Let the hidden layer in the individual

multiclassifier is denoted by l (architecture of individual multi-classifier is given in Section 3.3.2).

Then we can assume that, P (s ∈ I) and P (o ∈ I) are conditionally independent given the e and l.

That is,

P (s ∈ I ∩ o ∈ I|e) = P (s ∈ I|l, e)× P (o ∈ I|l, e), s ⊥⊥ o|l, e . (32)

Using Equation 32, we get:

P (a ∈ A|e) =


P (s ∈ I|e)× P (c ∈ C|e), if Size(a) = 2 (unaryfact) .

P (s ∈ I|e, l)× P (o ∈ I|e, l)× P (r ∈ R|e), if Size(a) = 3 (binaryfact) .

(33)

Equation 33 simply means that the joint probability of fact occurring is given by the multiplication
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of probabilities of each component in the fact. This is also known as the product combination rule,

which has often shown superior results in various cases [127].

Now, to do this, the multi-classifier’s outputs are multiplied using the following approach. The

probabilities received from the multi-classifier (for each component) in the fact are multiplied and

saved in the matrix.

For unary facys, a 2d-matrix U ′|I|×|C| is formed.

U ′ =



p11 p12 p13 . . . p1n

p21 p22 p23 . . . p2n

...
...

...
. . .

...

pd1 pd2 pd3 . . . pdn


|I|×|C|

, where pij denotes the multiplication of probability of individual i in the vocabulary, and attribute

j in the vocabulary, being present in x, received from respective multi-classifiers, i.e., pij = {g(e)i×

h(e)j | i ∈ I j ∈ C}.

Similarly for binary relations, a 3d-tensor B′|I|×|I|×|R| is formed.

B′ =





p111 p112 p113 . . . p11m

p121 p122 p123 . . . p12m

...
...

...
. . .

...

p1d1 p1d2 p1d3 . . . p1dm


. . .



pd11 pd12 pd13 . . . pd1m

pd21 pd22 pd23 . . . pd2m

...
...

...
. . .

...

pdd1 pdd2 pdd3 . . . pddm




|I|×|I|×|R|

,where pijl denotes the multiplication of probability of subject i, object j and relation l from the

vocabulary I, I and R respectively, being present in x, received from respective multi-classifiers,

pijk = {g(e)i × g(e)j × k(e)l | i, j ∈ I i ̸= j, l ∈ R}. Hence, all the values, when i = j, is set to 0.

That is,
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B′ =





0 0 0 . . . 0

p121 p122 p123 . . . p12m

...
...

...
. . .

...

p1d1 p1d2 p1d3 . . . p1dm


. . .



pd11 pd12 pd13 . . . pd1m

pd21 pd22 pd23 . . . pd2m

...
...

...
. . .

...

0 0 0 . . . 0




|I|×|I|×|R|

From the U ′ matrix, top q values are selected and saved in set U , as the combined prediction from

multi-classifiers for candidate unary facts. That is, U = {a1, a2, . . . aq}, where each fact al is a unary

fact, al = ⟨s, c⟩2, such that the probability of it occurring psc ∈ U ′ is in top q values, for some s ∈ I

and c ∈ C. Here s is the individual in vocabulary and c is the attribute in vocabulary.

Similarly, from the B′ matrix, top q values are selected and saved in set B, as the combined prediction

from multi-classifiers for candidate binary facts. That is, B = {a1, a2, . . . aq}, where each fact al is

a binary fact, al = ⟨s, r, o⟩3, such that the probability of it occurring psor ∈ B′ is in top q values,

for some s, o ∈ I, s ̸= o and r ∈ R. The value of q is chosen according to the method described in

Section 5.2.2.

This approach offers several advantages. As we know, mathematical operations like multiplication in

matrix form are quick and computationally inexpensive compared to the earlier approaches. Further,

this ensures that the components in a fact are chosen by considering them together. This drastically

affects the overall accuracy, which is evident from our results in Section 8.3. Lastly, this method

can now naturally extend to > 3 components in a fact, without the need to fine-tune the threshold

for all of them separately. We can use the same value of q for datasets with facts having more than

three components.

Note: In my case, the size of vocabulary is |I| = 285, |C| = 150, |R| = 129.

2Following the convention used in this thesis an unary fact is denoted as ⟨subject, predicate⟩
3Following the convention used in this thesis a binary fact is denoted as ⟨subject, predicate, object⟩
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4.3.2 Predictions from Predicate-MLPs

The Step-6 in the proposed approach (Section 4.3) is discussed in detail here. The set of candidate

unary U and binary facts B received by combining the results from the three multi-classifiers (see

Section 4.3.1) is used here. Since the candidate facts only contain a subset of the predicates from

the vocabulary, I now no more need to run all the predicate-MLPs from the vocabulary with each

predicted individual (this was one of the shortcomings of the baseline model [2], as it required the

model to run all predicate-MLPs in the vocabulary with each predicted individual).

For each fact al in set U = {a1, a2, . . . , aq}, where al = ⟨subject, predicate⟩ = ⟨s, c⟩, for some

s ∈ I and c ∈ C. The individual vector vs corresponding to individual s, along with input video

encoding e, is fed to the predicate-MLP mpc
corresponding to the attribute c. We save the output of

predicate-MLP corresponding to each candidate unary fact from U , for a given input video. The set

of predictions from predicate-MLPs is given by Up−mlp = {mpc(vs, e) |⟨s, c⟩ ∈ U}, where mpc(vs, e)

is the probability output given by the predicate-MLP for fact ⟨s, c⟩. This value is calculated by

feeding predicate-MLP mpc
corresponding to predicate c, with individual vector vs corresponding

to individual s and video encoding e.

Similarly, each candidate fact al in set B = {a1, a2, . . . , aq}, where al = ⟨subject, predicate, object⟩ =

⟨s, r, o⟩, individual vectors vs, vo corresponding to the s and o, along with video encoding e, is fed

into the predicate-MLP mpr ∈ P corresponding to the attribute r. The set of predictions from

predicate-MLPs for all the candidate binary facts is given by Bp−mlp = {mpr
(vs, vo, e) |⟨s, r, o⟩ ∈ B},

where mpr
(vs, vo, e) denotes the prediction out from predicate-MLP, when it is operated with input

(vs, vo, e).

Finally, the set of predictions produced by the predicate-MLPs for the candidate facts for video x

is given by Tp−mlp:
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Tp−mlp = Up−mlp ∪Bp−mlp . (34)

4.3.3 Predictions using Visual Genome dataset

Next, I explain the proposed approach for producing the second set of predictions, as discussed in

Step-7 in Section 4.3. For each candidate unary fact in U and candidate binary fact in B for an input

video x, (see 4.3.1), a second prediction is produced using the statistics V G, which is extracted from

the Visual Genome dataset. Details about the dataset and extraction of statistics V G, are given in

Section 6.

The prediction from VG will not depend on the video itself; rather, it represents commonsense

knowledge of which predicates are likely to hold true of which individuals in general. That is, for

each potentially true fact, we want to estimate the probability that it holds true of a randomly

chosen video. This is essentially useful to avoid the prediction of facts which are unlikely to occur in

the real world. For example, drive(man, car) is possible, however swing(man, car) is never possible.

In this case, for the (man, car) pair, the VG will produce very high confidence for the former fact

while very low confidence for the latter fact. This would mean that there is a possibility of fact

drive(man, car) occurring in the real world, but the same cannot be said for swing(man, car).

This is an important problem to solve in semantic understanding work because, along with producing

correct facts, we also need to avoid impossible scenarios. As we will see in Section 8.2, predictions

using VG also help the model most when it has less information about the data.

Now the task of calculation of prediction using the Visual Genome dataset can be approached in

broadly two following ways:
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Naive Approach A naive approach to calculate the predictions from the statistics from the

dataset would be to calculate the probability for each fact a using:

Pr(a|V G) = Pr(⟨s, c⟩|V G) =
#(c, s)− in− V G

#s− per − image− in− V G
.

Pr(a|V G) = Pr(⟨s, r, o⟩|V G) =
#(s, r, o)− in− V G

#(s, o)− per − image− in− V G
.

(35)

That is, Pr(a|V G) = Pr(⟨s, c⟩|V G) gives the value of the count of the number of occurrences of

unary fact a in the V G divided by the count of the number of occurrences of individuals s in V G.

This would signify the probability of individual s having that attribute c. The higher the probability,

the greater the confidence that subject s and attribute c, can appear together. For example, if the

probability of fact brown(dog) has a high probability Pr(⟨dog, brown⟩|V G) = 0.9, then there is a

higher chance that any appearance of a dog in the output of predicate-MLP, will have an attribute

brown associated to it. Similarly, Pr(a|V G) = Pr(⟨s, r, o⟩|V G) signifies the probability of having

relation r, if (s, o) appears in VG.

However, this simple method suffers from several issues. As we can see in Table 1 (Section 6.3.1), the

VG and our dataset do not have high overlap in vocabulary (particularly, individuals have higher

overlap, followed by attributes and relations). This means there is a chance many of the candidate

facts are not present in the Visual Genome dataset, even when the individual (or (subject, object))

is present in the dataset. We will receive PV G = 0, for many of them. This is because #(c, s)

(or #(s, r, o)) is equal to zero when the fact is not present in the dataset. This will decrease the

usefulness of this method if predictions from VG are not being used in most of the cases.

Further, it was also observed that many images in Visual Genome contain repetition of the same fact

more than once, though the individual (or (subject, object)) has only appeared once in the dataset.

This would produce a probability PV G > 1, which is not true.
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Lastly, if the individual and the fact only appear once in the VG, then Pr = 1, assigning a perfect

probability of its occurrence might not be true, as the fact only appeared once in the whole dataset.

Better Approach: Alternatively, it would be wiser to calculate the expected value of the fact a

under the Bayesian posterior P (a ∈ A|D = d), given the statistics V G from the Visual Genome

dataset. That is,

E(a) =
∫ 1

0

a P (a ∈ A|D = d) da . (36)

,where P (a ∈ A|D = d) is the posterior probability of fact a given it’s number of occurrence d ∈ D,

in V G. A is the set of all the facts in the Visual Genome dataset. The prediction produced by the

Visual Genome dataset for fact a is given by E(a).

Using Bayes’ theorem [128], the posterior probability of fact a is given by,

P (a ∈ A|D = d) =
P (D = d|a ∈ A)× P (a ∈ A)

P (D = d)
, (37)

where P (a ∈ A) is the Bayesian prior, P (D = d|a ∈ A) is the likelihood and P (D = d) is the

evidence.

For simplicity, let us assume a uniform prior, i.e. P (a ∈ A) = 1, such that
∫ 1

0
P (a ∈ A) da = 1.

Likelihood: Now, the likelihood is given by:

P (D = d|a ∈ A) = ad (1− a)N−d , (38)

where N is given by Equation 40.
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Calculation of evidence:

P (D = d) =

∫ 1

0

xd(1− x)N−d dx , (39)

where N is the total number of images in the Visual Genome dataset containing the individual (or

(subject, object) for a binary fact) for fact a. That is,

N =


#( , i)if , len(a) = 2

#( , s, o)if , len(a) = 3 ,

(40)

where i is the individual in unary fact a, and (s, o) is the subject-object pair in fact binary fact a.

67



Coming back to equation 39:

P (D = d) =

∫ 1

0

xd(1− x)N−d dx

Using integration by parts, given by

∫ b

a

u
dv

dx
dx = uv −

∫
v
du

dx
dx ,

Substituting u = (1− x)N−d and
dv

dx
= xd ⇒ v =

xd+1

d+ 1
+ constant ,

= (
xd+1(1− x)N−d

d+ 1
+ constant)

∣∣∣1
0
+

N − d

d+ 1

∫ 1

0

xd+1(1− x)N−d−1dx , for Re(d−N) < 1 ∧Re(d) > −2

As d ∈ Z≥0, d ≤ N , Re(d−N) < 1 ∧Re(d) > −2 is always satisfied ,

= 0 +
N − d

d+ 1

∫ 1

0

xd+1(1− x)N−d−1dx

=
N − d

d+ 1
· N − d− 1

d+ 2
·
∫ 1

0

xd+2(1− x)N−d−2dx

Repeating integrating by parts several times, we get ,

=
(N − d) · (N − d− 1) · (N − d− 2) . . . 2 · 1

(d+ 1) · (d+ 2) . . . N

∫ 1

0

xN (1− x)0dx

=
d!(N − d)!

N !

∫ 1

0

xNdx

=
d!(N − d)!

N !
· 1

N + 1
,

=
d!(N − d)!

(N + 1)!

Using Fact 1, we get ,

=
Γ(d+ 1)× Γ(−d+N + 1)

Γ(N + 2)
,

(41)

where Γ is the gamma function, Re(z) is the real part of z, e1 ∧ e2 ∧ . . . is the logical AND function,

and Z≥0 = {0, 1, 2 . . . } denotes the set of whole numbers.

Calculation of Posterior: Finally, using equation 37-38, the posterior probability is given by:
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P (a ∈ A|D = d) =
P (D = d|a ∈ A)× P (a ∈ A)

P (D = d)
,

=
ad (1− a)N−d × 1
Γ(d+1)×Γ(−d+N+1)

Γ(N+2)

,

=
ad (1− a)N−d

Γ(d+1)×Γ(−d+N+1)
Γ(N+2)

,

=
ad (1− a)N−d

d!×(−d+N)!
(N+1)!

.

(42)

Finally, using the equations 36-42, the expected value of fact a is calculated as,

E(a) =
∫ 1

0

a P (a ∈ A|D = d) da

=

∫ 1

0

a× (ad (1− a)N−d)
Γ(d+1)×Γ(−d+N+1)

Γ(N+2)

da

=
1

Γ(d+1)×Γ(−d+N+1)
Γ(N+2)

×
∫ 1

0

a× (ad (1− a)N−d) da

=
Γ(N + 2)

Γ(d+ 1)× Γ(−d+N + 1)
×
∫ 1

0

ad+1 (1− a)N−d) da

Substituting solution of integral

∫ 1

0

ad+1 (1− a)N−d) using Equation 44, we get,

=
Γ(N + 2)

Γ(d+ 1)× Γ(−d+N + 1)
× Γ(d+ 2)× Γ(−d+N + 1)

Γ(N + 3)

Using Fact 1 ,

=
Γ(d+ 2)

Γ(d+ 1)
× Γ(N + 2)

Γ(N + 3)

=
(d+ 1)!

d!
× (N + 1)!

N + 2!

=
d+ 1

N + 2
.

(43)
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Fact 1. Γ function is a generalized factorial function, i.e. Γ(n + 1) = n!, for all non-negative

whole numbers n. Since d and N are the counts they are always non-negative whole numbers, this

condition applies in our case.

Int =

∫ 1

0

ad+1(1− a)N−d dx ,

Using integration by parts, given by

∫ b

a

u
dv

dx
dx = uv −

∫
v
du

dx
dx ,

Substituting u = ad+1 and
dv

da
= (1− a)N−d ⇒ v =

(1− a)N−d+1

d−N − 1
+ constant ,

= (
ad+1(1− a)N−d+1

d−N − 1
+ constant)

∣∣∣1
0
+

d+ 1

N − d+ 1

∫ 1

0

ad(1− a)N−d+1da , for Re(d−N) < 1 ∧Re(d) > −2 ,

As d ∈ Z≥0, d ≤ N , Re(d−N) < 1 ∧Re(d) > −2 is always satisfied ,

= 0 +
d+ 1

N − d+ 1

∫ 1

0

ad(1− a)N−d+1da ,

=
d+ 1

N − d+ 1
· d

N − d+ 2
·
∫ 1

0

ad−1(1− a)N−d+2da ,

Repeating integrating by parts several times, we get ,

=
(d+ 1) · (d) · (d− 1) . . . 2 · 1

(N − d+ 1) · (N − d+ 2) . . . (N + 1)

∫ 1

0

a0(1− a)N+1da ,

=
(d+ 1)!(N − d)!

(N + 1)!

∫ 1

0

aN+1dx ,

=
(d+ 1)!(N − d)!

(N + 1)!
· 1

N + 2
,

=
(d+ 1)!(N − d)!

(N + 2)!
,

Using Fact 1, we get ,

=
Γ(d+ 2)× Γ(−d+N + 1)

Γ(N + 3)
.

(44)

Finally, for each fact, a, the predictions produced using V G are put into matrix UV G and BV G,

corresponding to the set of candidate facts in U , and B respectively. The final set of predictions

from VG is given by TV G:
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UV G = {
d(s,c) + 1

Ns + 1
| d(s,c), Ns ∈ V G} ,

BV G = {
d(s,r,o) + 1

N(s,o) + 1
| d(s,r,o), N(s,o) ∈ V G} ,

TV G = UV G ∪BV G .

(45)

4.3.4 Final Prediction from the model

After receiving predictions from predicate-MLP (explained in 4.3.2), and Visual Genome (Section

4.3.3), both the outputs are combined to produce the final semantic representation SV , in form of

knowledge graph for the given input, x.

To combine predictions from predicate-MLPs and Visual Genome, several approaches can be taken.

One of such method would be to combine both the outputs by taking an average, i.e., P (a) =

Tp−mlp(a)+TV G(a)
2 , where Tp−mlp(a) and TV G(a) is the predicate-MLP output and Visual Genome

output for fact a, received from Tp−mlp and TV G, respectively.

However, this gives equal weight to both outputs. While in my case Tp−mlp(a) might be a more

relevant prediction than TV G(a) because the vocabulary of the datasets does not 100% overlap.

Further, we only aim to use V G output for injecting commonsense in the predicate-MLP output.

On the other hand, a weighted sum makes more sense, depending on how much importance should be

given to each of the predictions. We can train a simple logistic regressor lr, to input both probabilities

{Tp−mlp(a), TV G(a)} for a given fact a, and output a classification result P (a|Tpred−MLP , TV G). This

way weights are automatically assigned to each probability, depending on how much data of V G is

relevant in cases of different datasets.

Finally, there could be the case that subject (or (subject, object)) for a fact a is not present in the

Visual Genome vocabulary. In this case, Visual Genome output is irrelevant to us, and instead of
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assigning a probability of zero (which is untrue as the VG dataset is not exhaustive of all the world

knowledge), we ignore it and the final output from predicate-MLPs is used to decide if the fact holds

true of the input video.

The two probabilities (received from predicate-MLP and V G) are then fed to a logistic regressor,

which produces a single probability for a fact a. This final probability is then compared with a

threshold to determine if it’s a true or false fact. The set of true predicted facts is represented as

T̂ , while the set of false predicted facts is represented as F̂ . The choice of threshold is discussed in

section 5.2.1.

In other words, the above steps can be represented as the following algorithm,1,

Algorithm 1 Final Prediction for x

for do a, ∀a ∈ Tp−mlp

if (|a| = 2 ∧ s ∈ TV G) or (|a| = 3 ∧ (s, o) ∈ TV G) then
P (a|Tp−mlp, TV G)← lr([Tp−mlp(a), TV G(a)])
if P (a|Tp−mlp, TV G) > threshold then

T̂ ← T̂ ∪ {a}
else

F̂ ← F̂ ∪ {a}
else

P (a|Tp−mlp)← Tp−mlp(a)
if P (a|Tp−mlp) > threshold then

T̂ ← T̂ ∪ {a}
else

F̂ ← F̂ ∪ {a}

All the predicted true facts for video x, are saved in T̂ , and all the negative facts are saved in F̂ .

The final set of predictions from the model for input x is given by T̂ ∪ F̂ . The union of facts in T̂

forms the knowledge graph.

4.4 Training Strategy

As described in section 2.1.3, the proposed deep learning model is trained to learn from the given

data, during which the model’s parameters are updated in the direction of decreasing loss value.

During training, I have access to the ground truth data for the train and validation set (dataset split
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is given in Section 6).

I have employed two training settings. During the training setting-1, I train the encoder f , indi-

vidual multiclassifier g, attribute multiclassifier h, relation multiclassifier k and predicate-MLPs mp

corresponding to all predicates in the vocabulary4. The pipeline for training setting-1 is shown in

Figure 8.

The training on setting-1 is completed to convergence. After which, the model is reloaded for

setting-2 training where logistic regressor lr training is carried out (referred to as train setting-2).

For setting-2, a different dataset is built from components fully trained during setting-1. Figure 9

shows the pipeline for train setting-2.

The training steps, along with loss calculations and other implementational details are discussed in

detail in section 5.1.

Example 1. Consider the video in Figure 10, and the pipeline of the model given in Figure 7.

Following the steps in Figure 7, the KG for the video in Figure 10 is produced in the following steps:

1. The input video x is mapped into a fixed-length feature vector e using the encoder f .

2. The encoding e is fed into individual multi-classifier g, which returns the probability that each

individual in the vocabulary being present in x, given by PI .

3. The encoding e is also fed into attribute multi-classifier h, which returns the probability of

each attribute in the vocabulary being present in x, given by PC .

4. Similarly, the encoding e is also fed into relation multi-classifier k, which returns the probability

of each relation in the vocabulary being present in x, given by PR.

5. After receiving the sets PI , PC and PR, the set of unary facts U ′ and binary fact B′ if formed,

4there are 129 attributes and 150 relations in the vocabulary, hence we train 279 predicate-MLPs corresponding
to each of them
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Figure 8: Pipeline for train setting-1, discussed in Section 5.1.1
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sing

man

play guitar

person

play

music

he

people

Legends: attributes objects/ 
subjects relations

Figure 10: The first frame from MSVD*, with (1) ground-truth natural language captions in
MSVD, (2) the ground-truth set of facts in MSVD*, (3)the facts predicted by our model, with
(a)objects/subjects present, (b)attributes predicted, (c)relations predicted, and (4) visual represen-
tation of the knowledge graph produced

using the method discussed in Section 4.3.1. For each unary and binary fact, top q results are

picked. The value of q = 1000, which is decided in Section 8.1.

6. For each candidate fact a in U and B, predictions using predicate-MLPs are produced, and

we get the set Tpred−mlp, as given in Section 4.3.2.

7. For each candidate fact a in U and B, predictions using Visual Genome are calculated, and

we get the set TV G, as discussed in Section 4.3.3.

8. Final predictions for each video are produced using the algorithm 1. In this example, we will

get, T̂ = {sing(man), play(he,music), play(people,music), play(man, guitar), sing(person)}.

KG is the combination of all facts in T̂ as shown in Figure 10.
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5 Model Training and Implementational Details

5.1 Training Details

Here I elaborate on the training approach, briefly discussed in section 4.4.

I use two different settings for training the complete deep learning model from section 4.2. In

the first setting, the encoder, individual multi-classifiers, attribute multi-classifiers, relation multi-

classifiers, individual vectors corresponding to each individual in vocabulary, and predicate-MLPs

corresponding to each predicate in vocabulary, are trained.

In the second setting, the logistic regressor lr is trained using the predictions from the fully-trained

network received from training setting-1. The pipeline to build the dataset for training lr is explained

in section 5.1.2.

As explained in Section 2.5, using the LCWA assumption the dataset contains many negated facts

compared to positive facts. To avoid the model predicting everything false, the number of negated

facts used for training is limited to the number of positive facts. This is done by randomly sampling

an equal number of negated facts for each video. This is done for both training settings.

5.1.1 Training setting-1

The pipeline for training setting-1 is shown in Figure 8.

The data for training for the neural architecture consists of 6 tuples (x, i, c, r, T, F ), where x ∈ X is

the input video to be annotated (a 4D video tensor), i ⊆ I is the set of individuals present in the

input, c ⊆ C is the set of attributes present in the input, r ⊆ R is the set of relations present in the

input, and T is a set of ground-truth facts containing a combination of these individuals, attributes

and relations, while F is a set of ground truth negated facts (generated using LCWA assumption,

76



2.5) containing a combination of these individuals, attributes and relations.

For each input video in the training set, the following steps are followed, as shown in figure 8:

1. First the feature vector for the x is computed, f(x) = e, e ∈ Z, is computed.

2. The feature vector e is then fed into the individual multiclassifier to predict the individuals

present in x, g(e) = î. Then the binary cross-entropy loss (BCE) for each individual in the

vocabulary is computed, which given by equation 46:

Li = Σj=0
|I|Lbce(îj , ij) , (46)

where ij ∈ {0, 1} and îj ∈ [0, 1] are the ground truth and the prediction if the jth individual

in vocabulary is present in x, respectively. That is, ij = 1 would mean that the jth individual

is present in x, while ij = 0 would mean that it is not present, given by the ground truth. îj

gives the probability of jth individual in the vocabulary being present in x produced by the

individual multiclassifier. Lbce denotes the BCE, as discussed in Section 2.1.3.

3. As above, the feature vector e is fed into the attribute multiclassifier to predict attributes

present in x, ĉ = h(e). Similar to individual multiclassifier, the BCE loss for each attribute in

vocabulary is given by:

Lc = Σj=0
|C|Lbce(ĉj , cj) , (47)

where cj ∈ {0, 1} and ĉj ∈ [0, 1] are the ground truth and the prediction if the jth attribute in

vocabulary is present in x, respectively. Lbce denotes the BCE (see 2.1.3).

4. The feature vector e is also fed into the relation multiclassifier to predict relations present in

x, r̂ = k(e).The BCE loss for each relation in vocabulary is given by:

Lr = Σj=0
|R|Lbce(r̂j , rj) , (48)
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where rj ∈ {0, 1} and r̂j ∈ [0, 1] are the ground truth and the prediction if the jth binary

relation in vocabulary is present in x, respectively. Lbce denotes the BCE (see 2.1.3).

5. Next, the predicate-MLPs are trained using ground-truth facts T and negated facts F . For

each fact in the ground truth, The predicate-MLPs corresponding to predicates in the fact is

fed with individual vector(s) selected from the individual(s) in the fact along with the video

encoding. In other words, for each binary fact t ∈ T , where t = ⟨i, p, j⟩, for some i, j ∈ I, i ̸= j

and p ∈ P , a prediction t̂ = mp(e, vi, vj) is computed. Similarly, for each negated binary fact

f ∈ F , where f = ⟨i, p, j⟩, for some i, j ∈ I, i ̸= j and p ∈ P , a prediction f̂ = mp(e, vi, vj)

is computed. vi and vj are the respective individual vectors. The same procedure is repeated

for each unary fact in T and negated fact in F .

Now, to train the predicate MLPs two ways are possible:

(a) An naive brute-force method is to run every predicate-MLP on every individual vector

present in the vocabulary. However, this would take |P | × |I| forward passes for every

video.

(b) Alternatively, I can only select individuals present in the video and run predicate-MLPs

only on them. This would reduce the number of forward passes to |P | × |n|, where |n| is

the number of individuals present in input video x. |n| is less than 3 in most cases in our

dataset. Hence, this method is chosen to train predicate MLPs.

The prediction loss is again calculated using BCE loss (see Section 2.1.3). However, it is

applied to each fact (respectively to negated facts) now. That is,

Lp = −1

2
Σt∈T log(t̂)− 1

2
Σf∈F log(1− f̂) . (49)

6. The individual vectors vi and vj are initialized to the corresponding word2vec word vectors

[129]. For example, for an individual ”person”, vperson is initialised to the word2vec vector for

the word ”person”. These vectors are also updated during the training along with the network
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weights.

7. Lastly, the total back propagated loss is the summation of the above losses, given as:

L = Li + Lc + Lr + Lp . (50)

The final loss L is decreased during training, by updating the network parameters of the encoder,

all three multi-classifiers, predicate-MLPs and individual vectors.

5.1.2 Training Setting-2

Building secondary dataset for training setting-2 First, I built a secondary training and

validation set for training the logistic regressor.

The fully trained network from setting-1 5.1.1 and Visual Genome statistics built-in 6.3.1 are utilised

and the following steps are followed:

1. For each video x, I compute the encoding e.

2. Next, ground truth facts T and an equal number of randomly sampled negated facts F are

used to get the predictions from predicate-MLPs. That is, for each ground-truth fact t ∈ T , a

prediction t̂ = mp(e, vi, vj) is computed, such that t̂ ∈ [0, 1]. Similarly, for each ground-truth

negated fact f ∈ F , where a prediction f̂ = mp(e, vi, vj) is computed, such that f̂ ∈ [0, 1].

vi and vj are the individual vectors. The same steps are followed for each unary fact in the

ground truth of video x. Let the each prediction from predicate-MLPs t̂ (or f̂) is referred as

pmlp here.

3. Similarly, using ground-truth T and F , corresponding predictions from Visual Genome statis-

tics V G are calculated using the steps in 4.3.3. For each fact t ∈ T and negated fact f ∈ F , I

get corresponding prediction pV G.
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4. Finally, each training example consists of {pmlp, pV G, y}, corresponding facts (or negated facts)

in the ground truth of x. y is the target for training, y = 1 for fact and y = 0 for a negated

fact.

5. Lastly, all the facts (resp. negated facts), corresponding to which no prediction is produced by

V G, due to reasons explained in Section 4.3.4, are removed from the training/validation set.

Training Logistic Regressor The dataset built in Section 5.1.2, is used to train the Logistic

Regressor.

Let a weight matrix w be created with random initialization. The logistic regressor learns binary

classification, where every training example fed to it is classified as a positive or negative fact for an

input x. The target y takes value in the set {0, 1} for each training example i.

For training example xi, the loss function is a log-loss given by J (51):

J =min
w

C

n∑
i=1

(−yilog(p̂(xi))− (1− yi)log(1− p̂(xi))) + r(w)

=min
w

C

n∑
i=1

(−yilog(p̂(xi))− (1− yi)log(1− p̂(xi))) + ∥w∥1 ,
(51)

where p̂(xi) is the probability of positive fact, i.e. P (yi = 1|xi, w) = p̂(xi), r(w) is the regularization

function, which is l1 in our case, C is the inverse of regularization strength (higher the value weaker

is the regularization strength). The lr during training minimises the cost function J , by adjusting

the weights w.

Note: The loss J is actually the BCE loss with regularization which is used everywhere else in this

work (discussed in Section 2.1.3).

In our case, the hyper-parameters are: r(w) = ∥w∥1, C = 1.2, and saga solver, withmaximum iteration =

200 is used. The hyper-parameters are chosen by hyper-parameter search explained in section 5.2.
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5.1.3 Early Stopping

In training setting-1, I have employed early stopping during training for regularizing the model, and

to avoid overfitting, as discussed in detail in Section 2.1.5. In this project, the patience is set to 7

for all training settings.

5.2 Hyper-parameter Search

As discussed in Section 2.1.6, hyper-parameter search is an important task, which can affect the

model performance. The full list of hyper-parameters for which I have employed hyper-parameter

search are as follows:

• Regulariser strength for the logistic regressor (lr), given by C in 5.1.2.

• Penalty term for the logistic regressor.

• The solver for train setting-2 5.1.2.

• Maximum number of iterations for the solver in 5.1.2, referred as maximum iterations.

• Value of q in 4.3.1.

• The value of the threshold for classifying output of predicate-MLPs in positive or negative

facts.

• The value of the threshold for classifying output of logistic regressor (lr), as positive or negative

fact.

• The learning rate.

There are several hyper-parameters which are applied to either one of the training settings or both

of them. As mentioned in section 5.1, I first train in setting-1 and reload the trained model for
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setting-2 training for convergence. For this, hyper-parameters used in setting-1 are reloaded as they

were on the initial training of setting-1. There are many methods available for searching the optimal

hyper-parameters. Search for hyper-parameter q and both thresholds are discussed below in Section

5.2.2, and 5.2.1 respectively. Some hyper-parameters were also selected by adopting the standard

values used in deep learning literature.

The search space for the remaining hyper-parameters to be optimized is small, hence I can apply

the simplest but most reliable method, known as grid search (in deep learning context). I start with

a set of values for each hyper-parameter, and then train separate networks using hyper-parameters

received by permuting between these values, evaluate the performance, and finally chose the set of

values which produces the highest accuracy on the validation set.

5.2.1 Fine Tuning Threshold

To decide if a fact hold true o the given video, the final probability produced by the network in

Section 4.2, is compared with a threshold.

It is necessary to fine-tune the threshold value, so as to improve the model’s performance. For my

work, I am required to fine-tune two different thresholds for each dataset. The first threshold would

be used to compare the logistic regressor output. A different threshold is used in cases, where Visual

Genome statistics is not used for final prediction, as discussed in Section 4.3.4. In those cases, the

output of the predicate-MLPs is compared with the threshold.

I can simply choose a threshold of 0.5, as the commonly used default threshold in literature, [2, 130,

131]. However, a better approach would be to select the threshold based on the performance of the

model on the validation set, during inference. This is done as follows:

The inference is performed on the validation data first. For a threshold, 0 ≤ threshold ≤ 1, with

step of size 0.05, F1 score received is compared. The threshold giving the best F1 score is chosen
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as the final threshold.

This is only performed once for each dataset. The values received in our case are:

• For MSVD dataset, threshold = 0.45

• For MSR-VTT dataset, threshold = 0.55

5.2.2 Choosing value of q

As discussed in Section 4.3.1, I choose top q number of facts from U ′ and B′. Several values are

possible for q. As we know from section 4, the vocabulary consists of 285 individuals, 129 attributes

and 150 relations. As discussed in Section 4.3.1, there are
(
258
1

)
×

(
129
1

)
= 33, 282 candidate unary

facts, and P 258
2 ×

(
150
1

)
= 9, 945, 900 candidate binary facts, which can be tested with predicate-MLPs

and V G.

As we know, typically each video has ≤ 3 individuals in it (see 6, [2]), using our vocabulary it would

equate to, 3×
(
129
1

)
pairs + P 3

2 × 150 triples = 1287 possible unary and binary facts. Hence, using

this, I roughly choose a value of q = 1000 experimentally. A value of < 1287 is used to keep the

inference time low.

Further, we will see in the study in Section 8.1, increasing the value of q also increases the perfor-

mance of our model, but it also increases the overall inference time, as more number of predicate-

MLPs need to run corresponding to the attributes and relations.

Below, I also visualized when a correct fact is received from the set of candidate facts from U ′ and

B′ (see 4.3.1), with q = 1000. For this exploration, the train set is used, and following steps are

followed (note: first 2 steps represent Step-1 to 4):

1. The video is encoded to e.
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Figure 11: Count for attributes and relations

2. The encoding is fed into g, h and k, to produce set of probabilities PI , PC and PR respectively.

3. Now, the predictions are combined using the framework in 4.3.1, producing U ′ and B′. Both

matrices containing probability values are then sorted in descending order to form an array.

From both sorted arrays, I pick facts one by one and check if they are present in the ground

truth. If it is, then the count up to which I have to go to get the first true fact is saved. This

is done for up to q = 1000 only, i.e. the count is only carried till 1000th index in the list. If

none of the facts in the first 1000 count is true, then the count is undefined.

The count-value corresponding to each video in the train set is plotted. The x-axis consists of video

ID, which is simply the index number of the input video. The left figure in Figure 11 visualises

this count-value for unary facts, while the right figure visualises this value for binary facts. As we

can see visually, it covers a good range for most of the videos in the training set and so it could be

a good choice (it may not be optimal). For undefined count value, nothing is plotted against that

Video ID. More discussion on the tradeoff when choosing q value is given in 8.3.
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5.3 Choice of Encoder

The pre-trained VGG-CNN has been a popular choice for the encoder in several visual understanding

tasks such as visual-question answering, scene graph generation, image captioning [30, 105, 132–134],

etc.

As we see, in Section 3.1, image and video captioning literature, over the years, have investigated

that a CNN + RNN should be adopted as a standard pipeline for such tasks as encoding an image

input [11, 75, 95, 135].

Though the choice of CNN + RNN is popular in image captioning, for video captioning tasks,

tne encoder is also required to encode the temporal dimension of the video. Verb prediction tasks

popularly employ I3D [61], or SlowFast [136] networks, which have also been used in many video

captioning tasks [137].

Hence I could conclude that an encoder with a combination of CNN, RNN and I3D could be a suitable

choice for our video annotation task. This framework has also been employed by the baseline model,

which is adopted in this work. The ablation study conducted in [2] also shows the usefulness of this

encoder.
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6 Datasets

6.1 Microsoft Video Dataset

The MSVD dataset is processed to generate MSVD* dataset, which is later used to train and test the

proposed deep learning model in Section 4.2. The dataset preprocessing (see 6.1.1) and generation

(see 6.4) steps are taken from the baseline work [2], to maintain consistency with the previous

baseline work involving this dataset. This is to make the results produced by the proposed model

directly comparable with baseline work[2].

Microsoft Video Dataset (MSVD) created by Microsoft Research, consists of 1970 videos in down-

loadable version (originally 2089 videos were collected using this work, however, some of the videos

were removed from YouTube before they could be archived, and so are lost).

Each of the videos is marked with about 40 natural language captions. Both the videos and captions

are obtained via Amazon Mechanical Turk workers. To obtain the videos the workers were asked to

select an appropriate clip from a YouTube video, by specifying its start- and endpoints. Typically

the clips were 4-10 seconds long and depict a single, unambiguous event. For annotation, the workers

were asked to describe the main event in each video clip using a single sentence. Lastly, for each

given video, each caption was provided by a different worker, for instance, if a given video contains

30 captions, then these were provided by 30 different workers. In this project, for each video, I

combine all captions by taking the union of all sets of facts. Further details on the dataset are given

in [83].

6.1.1 MSVD data preprocessing

The MSVD data is pre-processed before using it. This is done to make the shapes of each video

tensor uniform so that they could be batched and processed by the model more easily. The following
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steps are followed to pre-process the MSVD dataset:

1. Each video in the dataset is down-sampled to 8 frames per video frame rate.

2. Next, for each video, all the frames are resized to 256× 256 using OpenCV’s ”resize” function

[138].

The standard split for MSVD dataset is 1,200 videos for training, 100 for validation, and 670 for

testing, as suggested in [139].

6.2 Microsoft Video to Text Dataset

MSR-VTT is another dataset, which is used in this thesis. It is first processed to generate MSR-

VTT* dataset, which is later used to train and test the proposed deep learning model in Section

4.2. The dataset preprocessing and generation (see 6.4) steps are taken from the baseline work [2]

because of the reasons explained above.

Microsoft Research also created the Microsoft Video to Text dataset (MSR-VTT). MSR-VTT is a

more exhaustive and recent video captioning dataset than MSVD. This is because the videos are

collected from 257 popular queries from a commercial video search engine, with 118 videos for each

query, spanning across 20 categories. The downloadable version consists of 10, 000 video clips. Each

video clip is annotated with 20 English sentences by Amazon Mechanical Turks. For annotation

purposes, the workers were instructed to select at most 3 clips from each video. This is because

the crawled videos were spanned with several shots, but for annotation purpose, short video clips

comprising of a single shot is required. Each clip is about 10-30 seconds long with a mean length of

14.8s, amounting to a total of 41.2 hours of footage. After considering the overlap in search results,

about 30,000 clips were received, from which 10,000 were randomly selected for annotation. These

10,000 are drawn from 7,180 different videos. Similar to MSVD, the natural language captions were

given by the workers from Amazon Mechanical Turk. Each of the 20 captions was supplied by 20
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different workers. Any caption which is too short or duplicated is removed, leaving 20 cations for

each video. The complete detail on the dataset can be found in [84].

Similar to MSVD, all the generated captions are combined for each video. The videos are then

pre-processed using the same steps discussed in Section 6.1.1, where each video is downsampled to

8 evenly spaced frames and cropped to 256× 256 pixels.

Lastly, for splitting the dataset into training, validation and test set, the standard given by authors

[84] is followed. There are 6,513 videos for training, 2,990 for validation, and 497 for testing.

6.3 Visual Genome Dataset

One of the novelties of the work in this thesis is the use of an independent dataset, Visual Genome

in this case, for producing predictions. As per my knowledge, this thesis is the only work which

has attempted to use an external dataset for injecting commonsense knowledge using the novel

framework proposed in Section 4.3.3. Further, as per my research, this is also the only work which

has attempted this task using the Visual Genome dataset. The model 4.2 is not trained on this

dataset. Hence it is independent of it. Below, the dataset, as well as the preprocessing steps, are

discussed.

Visual Genome [30] is a very large dataset of images built with the aim to achieve success at cognitive

tasks and understanding relationships between objects in an image. The downloadable version has

108, 000 images, where each image has, on average, 35 individuals, 26 attributes, and 21 relations.

The Visual Genome data was collected and verified by workers from Amazon Mechanical Turk

(AMT). The dataset contains multiple components for each image, which includes region descrip-

tions, individuals, attributes, relations, region graph, scene graph [31], and question and answers

[105], built in multiple steps.

88



Firstly, the AMT workers are instructed to annotate images using natural language sentences. In

each image, the worker is asked to draw three bounding boxes and write three descriptions for the

region enclosed in each box. The bounding box needs to cover all the objects mentioned in the

description. Once 50 region descriptions is been received for each image, the description is sent

to one of the workers, who extracts all the objects from it and grounds the object as a bounding

box in the image. For example, if the region description is ”woman in shorts is standing behind

the man”, the objects extracted would be woman, shorts, and man. Once all the objects have

been extracted for each region description, the attributes and relations are extracted similarly. The

workers are provided with region descriptions and objects and asked to add attributes to objects

or connect pairs of objects with relations. Continuing the above example, the attributes extracted

will be standing(woman), and the relations would be in(woman, shorts) and behind(woman,man).

After this, the generated annotations are verified to eliminate incorrect or vaguely labelled objects

or predicates, carried out by workers again. A similar approach is used for building scene graphs

and VQA, which are irrelevant to my work and left from the discussions present here.

Finally, the annotations extracted by workers are not constrained by limitations, such as forcing them

to refer to a ”man” in the image as man instead of person, boy, etc. To remove ambiguity from the

dataset, simple heuristics and hand-crafted mapping rules (to avoid common failures) are used to

map them to synsets in WordNet (see 2.4) according to WordNet lexeme counts. For example, an

entity man will be mapped to man.n.03 (which in the WordNet database corresponds to a generic

use to refer to any human being). To make these mappings more perfect, they are sent to AMT

workers along with the top four alternative synsets for each term. The workers verify if the mapping

is accurate or change it to an alternative one if it better fits.

The images consists of 108,077 most creative common images from the intersection of Microsoft’s

MS-COCO’s 328,000 images [140] and YFCC100M’s 100 million images [141]. Real-world non-iconic

images that were uploaded on Flickr by users. However, the dataset is somewhat biased towards

images of people but quite diverse overall. For more information about the dataset, please refer to
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[30].

Due to the absence of any such dataset for video annotation, an image dataset is chosen for my

purpose. Particularly, the Visual Genome dataset was chosen because of the following reasons:

1. It is a very large image dataset (108,077 images) and considerably larger than MSVD (has 1970

videos), and MSR-VTT (has 10,000 videos), hence it increases the chances of more common

atoms between Visual Genome and other datasets used here (see Table 2).

2. Further, in the proposed pipeline, I need to extract various statistics from the independent

dataset. Using a large dataset is beneficial as the statistics extracted would be more accurate

and would reflect real-world concepts.

3. The images in Visual Genome are annotated with scene graphs (where facts have the same

structure as a knowledge graph, i.e. ⟨subject, predicate⟩ or ⟨subject, predicate, object, ⟩, which

makes them a suitable dataset for the proposed system. Since the dataset is manually gener-

ated, there is less chance of error than an automatically generated dataset. This is important

to improve the model output by working at the bottleneck of not having a more accurate

dataset that the model can look at.

Visual Genome extracted statistics are later used in the proposed model to generate a set of predic-

tions (discussed in Section 4.3.3).

Visual Genome Data Description To get more accurate results, it is essential that many of

the atoms from my vocabulary are also present in the Visual Genome dataset. In the absence of the

atom predicted by the predicate-MLP, VG statistics are ignored, as using a constant or ”0” value in

place would be naive. The absence of an atom would not directly mean it is impossible to exist, as

the dataset is not completely exhaustive/universal. Table 1 shows the overlap of vocabulary between

the Visual Genome dataset and MSVD, MSR-VTT dataset.

90



Dataset
% Overlap between

individuals
% Overlap between

attributes
% Overlap between

relations
MSVD* 85.61 65.89 30.67

MSR-VTT* 88.77 63.76 33.33

Table 1: Percentage of number of individuals, attributes and relations present in the Visual Genome
dataset compared to MSVD* and MSR-VTT*

In Table 2 shows another set of statistics for the Visual Genome dataset. It shows the number of

distinct individuals, predicates and data points with at least 1 fact in the dataset.

6.3.1 Extraction of statistics from Visual Genome dataset

Before the Visual Genome dataset can be used to make predictions about facts using the algorithm

in 4.3.3, I first need to extract various statistics from it that can represent the distribution of the

data in it. Since the ontology used by Visual Genome for annotation is the same as the proposed

model (WordNet 2.4), it removes the possibility of any ambiguity in the linking stage. The following

steps are used to process it:

For each image in the dataset:

1. All attributes and relations present in it are extracted. The synsets (see 2.4) are converted to

synset id, to compare with the dataset used here.

2. All the unary facts ⟨subject, attribute⟩ and binary facts ⟨subject, predicate, object⟩ are saved

along with their count in the dataset. The count signifies, how often that fact appears in the

dataset. Additionally, the number of each subject and (subject, object) pairs in the dataset

are also counted and saved. This count signifies how often subject (or (subject, object) pair)

can appear (respectively appear together) in the dataset.

3. All the objects with no attribute or relation are skipped. All atoms without equivalent

synset id are also ignored.
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After the process, I receive four separate files containing statistics related to unary facts, binary facts,

count of subjects and count of (subject, object) pairs in the dataset. All the statistics generated here

are collectively referred to as V G throughout the thesis, which is used in later stages to calculate

prediction by applying the Bayesian framework as discussed in Section 4.3.3.

6.4 Dataset Generation

As discussed in section 4, the proposed neural model requires the video captions to be a set of facts

(which are equivalent to KGs (2.3.3). There are several existing video-captioning datasets, but the

videos are annotated with natural language captions. In the absence of any appropriate dataset,

an automatic generation method given in [2] is adopted with minor modifications. Two well-known

video-captioning datasets are used: MSVD [83] and MSR-VTT [84], to create MSVD* and MSR-

VTT* datasets suitable to train and test the deep learning model in 4.2. The generation method is

described below.

1. First, the NL sentences in the caption are parsed using a rule-based parser based on the

Stanford NLP syntactic parser [142]. This will produce a dependency parse of the sentence,

where the part of speech for each word and the syntactic relations that hold true of them will

be identified.

2. Then, from the above syntactic parse, atoms are formed by applying a sequence of rules.

To find the rules and algorithm used for this step, please refer to [2]. The atoms are then

used to form facts. Each fact contains a predicate and the corresponding arguments. I am

only considering two cases here: ⟨subject, predicate, object⟩ triples in case of binary facts, and

⟨subject, predicate⟩ pairs in case of unary facts (see Figures 10, 12, 13).

3. Next, it is also important to perform automatic word-sense disambiguation by linking all the

predicates and individuals to a structured knowledge base (ontology). Word-sense disambigua-

tion is necessary for polysemous words, which are words with more than 1 distinct sense. To
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return to the example, in Figure 10, the word ’man’ can mean anything among these: males

of the human species or (a verb) to operate or constitute a vehicle or machine (example: To

man a ship). The output of the parser would indicate the former over the latter. The ontology

used for linking is WordNet [123]. Throughout the thesis, WordNet is also referred to as the

ontological knowledge base (KB), as often done in the literature. More discussion on WordNet

is given in 2.4.

Since the linking method needs to be context-sensitive, i.e. a word’s contribution in the

sentence depends on the context in which the word is uttered, the linking method needs to find

the most suitable WordNet synset. This is done by 1) computing doc2vec [129] representation

of the original NL sentence from which the word w was taken; 2) doc2vec representation of the

definition of each WordNet synset containing the word w is taken; 3) then, the synset which

has the most similar vector representation is picked as the synset for the word w. Formally,

syn = argmax
{syn′|w∈syn′}

doc2vec(def(syn′))doc2vec(s) , (52)

where def(syn′) corresponds to the definition of synset syn′, s is the original natural language

annotation sentence from which word w is taken.

This formalisation of vocabulary by linking it to an ontology (WordNet, in this case) allows

us to apply inference rules to supplement the annotations produced by the network.

4. Now, the set of atoms (linked to WordNet) forms the corresponding logical annotation. All

the logical annotations for each video are merged by taking the union of all the constituent

atoms.

5. Lastly, semantically weak verbs and all the words that appear less than 50 times across that

dataset are excluded. This is because words appearing a few times would not produce a

good performance. Verbs such as ”do”, ”take”, ”be”, and ”have” are considered semantically

weak verbs. They generally function as copulas or syntactic operators and do not convey

relevant information about the video. For instance, the parse of the caption ”man is climbing
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a mountain” should not include the atom be(man) [2].

6. The method described here only produces non-negated facts, also referred to as T in this thesis.

This would imply that the model trained on this data could simply learn to predict every

potential fact to be true. To solve this, local closed-world assumption (LCWA) [143] is used to

create a set of negated facts (referred to as F here). For example, the fact play(man, guitar),

which appears in Figure 10 could be corrupted to get a negated fact ¬throw(man, guitar).

This negated fact is then added to F . More discussion of LCWA and the generation of negated

facts is presented in Section 2.5.

After all the logical captions are generated and linked to WordNet, another step is taken to convert

the logical captions in the dataset into a set of real-valued vectors, which can be used by the deep

learning model 4.2. This is done by converting them into multi-categorical one hot encoding vector,

i.e. the categorical variables are represented in a multidimensional space by encoding them into a

numerical value i.

Finally, all the KGs for each video caption are merged by taking a union of facts and their parses. In

MSVD and MSR-VTT, each video has multiple captions and produces a separate training example.

In MSVD* and MSR-VTT*, each video only appears in one training example, annotated with a

merging of all captions. For detailed information about the formation of the MSVD* and MSR-

VTT* dataset, please refer to [2]. After the above merge and exclude steps, the statistics about the

MSVD* and MSR-VTT* datasets are shown in Table 2. It shows the number of distinct individuals,

predicates and data points with at least 1 fact or negated fact. The column ”Num Facts” indicates

the number of unique facts in the dataset. Additionally, it also shows the corresponding values for

the Visual Genome dataset discussed in 6.3.
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Dataset
Number of
Training Example

Number of
Individuals

Number of
Attributes

Number of
Relations

Number of
Facts

Number of Non-empty
Training examples

MSVD* 1970 122 48 69 117 1800
MSR-VTT* 10000 372 235 113 348 9802
Visual Genome
(Image dataset) [30]

108,077 75,729 40,513 40,480 - 80,993

Table 2: Dataset statistics showing: number of distinct training example in each dataset, number of
distict individual, number of distict attributes and number of distict relations, followed by number
of unique facts in the dataset. The final column shows the number of of data points that remained
with non-empty captions after infrequently occuring words were excluded (see Section 6.4) .
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7 Results and Analysis

7.1 Evaluation Metrics

The training aims to produce accurate logical descriptions of the video when the video is fed into

the proposed system (see 4). This work aims to build a system which can input a video and produce

a representation of it in a form of a knowledge graph. So the model’s performance is evaluated in

terms of accuracy scores on the truth of logical atoms.

As described in section 6.4, the model is trained with manufactured negated facts F as well. Because

F is produced artificially, the number of data points in it is much larger than the original set of facts

T . Therefore, it is misleading to simply report the global accuracy of the proposed model. This is

because, even if the model predicts every atom as negative, it will still has high accuracy, as there

are many negated facts in the augmented ground truth caption.

Instead, separate accuracy on positive and negative facts are reported here. I also calculate the F1

score, which is a combination of precision and recall scores. Precision is the proportion of atoms

which are predicted to be true and are actually true in the ground truth. Whereas recall gives the

proportion of a number of true atoms in the ground truth predicted to be true. F1 is then computed

using a harmonic mean of precision and recall scores. F1 score is an evaluation metric to measure

the model’s performance on the dataset, commonly used for evaluating classification systems.
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Formally,

true positive (tp) = {i|yi = 1, ŷi = 1} ,

false positives (fp) = {i|yi = 0, ŷi = 1} ,

true negatives (tn) = {i|yi = 0, ŷi = 0} ,

false negatives (fn) = {i|yi = 1, ŷi = 0} ,

precision =
#tp

#tp +#fp
,

recall =
#tp

#tp +#fn
,

F1 =
2

1
precision + 1

recall

=
2(precision× recall)

precision+ recall
,

(53)

where # denotes the set cardinality. Please note that recall is equivalent to positive accuracy, which

is directly reported here.

7.2 Quantitative Results

In this section, the quantitative experimental results for MSVD* and MSR-VTT* datasets are

reported. The results are further analysed and compared with other existing works. The hyper-

parameters and implementational details for the experiments performed is discussed in Sections 5.2

and 5 respectively. All results are taken from a held-out test-set, using the train, validation, and

test splits of the datasets (defined in Sections 6.1 and 6.2 for MSVD* and MSR-VTT* dataset,

respectively). To the best of my knowledge, there are only two existing works that previously

attempted the task of logical video annotation, which is been used to benchmark the performance

of the proposed model[1, 2].

The F1, positive, negative and total accuracy scores for MSVD* and MSR-VTT* datasets are given

in Table 3 and Table 4 respectively. It also shows the respective results from the baseline model

reported in [2], called ”LM 2020”. Table 3 also includes result from another model, called as ”VL
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2018” [1].

As we can see, the proposed model significantly outperforms both baseline models in f1 score, positive

and total accuracy. Importantly, it gives superior positive accuracy, the most difficult metric to score

highly on.

Further, the problem with earlier works, and particularly in the baseline model [2] was that the

model was predicting most of the facts as negative. As we know from section 6.4, the artificially

constructed datasets have a higher percentage of negative facts than positive ones. This means that

even if the model predicts everything as false, the negative accuracy would be very high, while the

positive accuracy would be nearly 0. However, the proposed model is not doing this because of which

the positive accuracy is far better than the baseline, while the negative accuracy is lower compared

to the baselines. This is highly desirable.

Table 3: Results on the MSVD* video dataset annotation with KG. As described in section 4. The
best results are in bold.

F1-score
Positive

Accuracy (%)
Negative

Accuracy (%)
Total

Accuracy
Proposed Model 29.03 28.07 91.74 81.05

Baseline (LM 2020) 13.99 12.65 99.20 22.16
VL 2018 6.11 3.36 - -

Table 4: Results on the MSR-VTT* video dataset annotation with KG. As described in section 4.
The best results are in bold.

F1-score
Positive

Accuracy (%)
Negative

Accuracy (%)
Total

Accuracy
Proposed Model 37.23 34.07 94.15 84.08

Baseline (LM 2020) 11.83 6.76 99.96 83.01

7.2.1 Comparison of MSVD and MSR-VTT Results

As we can see, results for MSR-VTT* are significantly better than those for MSVD* dataset, with

differences being found among all the metrics reported.

Surprisingly, it is opposed to the results reported using the existing models in the literature, including

the baselines [1, 2, 126, 144–147], where lower video captioning / annotation performance on MSR-
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girl
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play

music

girl

Legends: attributes objects/ 
subjects relations

young

small

Input Video: First two frames from
a video in MSVD*

Figure 12: The first two frames from MSVD*, with (1) ground-truth natural language captions
in MSVD, (2) the ground-truth set of facts in MSVD*, (3)the facts predicted by the proposed
model, with (a)objects/subjects present, (b)attributes predicted, (c)relations predicted, and (4)
visual representation of the knowledge graph produced

VTT is received compared to MSVD. The reason is the greater size of MSR-VTT vocabulary: 29316

compared to 13, 0101 for MSVD (figures taken from [2]), which makes the task more difficult.

However, from the results produced by the proposed model, we can see that the proposed model

could use the fact that MSR-VTT has a larger size to its advantage. MSR-VTT* has 6517 training

examples, as compared to 1200 in MSVD* (given in section 6). This meant that the model could

see more examples and optimise the parameters, because of which we could see an improvement in

my results. Unlike the work in [2], the model is no more only predicting most facts as false, hence

more training data is actually helping in improving the result in my case.

Further, because of using separate multi-classifiers for predicting all the components in fact and

combining them using the methods in section 4.3.1, I am are already filtering irrelevant unary and

binary facts, because of which when facts are fed in predicate-MLPs more accurate result is produced.

This is opposed to the work in ”LM 2020” [2], where every combination of individuals with all the

predicates in vocabulary is fed into predicate-MLPs.
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Figure 13: The first two frames from MSR-VTT*, with (1) ground-truth natural language captions in
MSR-VTT, (2) the ground-truth set of facts in MSR-VTT*, (3)the facts predicted by the proposed
model, with (a)objects/subjects present, (b)attributes predicted, (c)relations predicted, and (4)
visual representation of the knowledge graph produced

7.3 Qualitative Results

To further evaluate the quality of the KGs produced for the video by the proposed model, manual

inspection of videos and predicted facts is carried out. Figure 12 shows the first two frames from

a video from MSVD* with the facts predicted by the model (Figure 10 shows another example for

MSVD*.). The same for a video in MSR-VTT* is shown in 13.

The qualitative examples show the limitations imposed by the smaller vocabulary size in MSVD*.

As discussed in Section 6.4, the individuals, attributes and relations which appear fewer than 50

times are excluded from the dataset. This implies that at times there could insufficient material to

describe a video fully. For example, the girl in the video in Figure 12 is playing the flute, which is

also expressed in one of the MSVD captions. However, flute appears less than 50 times and so it

cannot predict play(girl, f lute). Though the model is correctly able to identify it as an instrument.

It could also correctly identify other attributes, relations and individuals present in the video. Recall

from Section 6.4 that there are multiple annotations for each video which are merged in the dataset

used here.

Next, Figure 13 shows that the model can predict all the facts correctly for the video. However,

it shows another limitation, which was beyond the scope of this work. The automatic dataset
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generation process in 6.4, the ground truth annotation could not expresses some facts about the

video such as objects paper cup, toy etc. They are excluded from the ground truth, so the model is

not trained on them and cannot predict them. This emphasises the need for a manually generated

structured video annotation dataset to avoid such cases.

Further, during qualitative analysis, it is observed that the model could correctly predict all the

facts present in ground-truth, for more number of videos in the MSR-VTT* dataset, compared to

the MSVD* dataset. This also confirms the observation made in 7.2.1, where MSR-VTT* produced

better results than MSVD* dataset.

Lastly, as discussed in Section 6.4, because of using an ontological knowledge base like WordNet,

inferring additional facts, later on, is trivial. Though additional inferences are not produced in

the present work, it can easily be done using the Wordnet knowledge base, as explained here. For

example, the classman is a subclass of person andmale. So, later on, it is possible to apply inference

to all facts mentioning a man. If it is needed to determine how many videos in a database depict

at least one person, or males, this would be possible here, but not in the case of merely annotating

them with NL sentences. This is one of the advantages of this approach of using KGs for annotation.

101



8 Discussions

8.1 Improvement in model performance by changing the value of q

As we discussed in Section 5.2.2, there are many possible values for q, ranging from 0 < q ≤ 33282.

Smaller values of q would mean the number of unary and binary facts fed to predicate-MLPs is small.

This would result in a smaller inference time, but the F1 score will be inferior. This is because many

of the combinations could be false, as the dataset consists of more negative facts than positive facts.

Feeding a bigger pool of facts to the predicate-MLPs increases the chances of receiving true facts.

Hence, increasing the value of q may increase the chance of getting a true fact.

Here I perform experiments with different values of q to study the effect of changing the value of q on

the overall performance of the model. The study is performed on the test set. Here I have omitted

the last step of using V G statistics. This is because using V G for inference increases the overall

time complexity of the model. Since this is meant to be a comparative study, I use predicate-MLPs

probability value to get the final set of facts for an input. The performance as well as time-taken by

the model to produce output is noted.

The experiments are performed on both MSVD* and MSRVTT* datasets, where the value of q is

varied from 200 ≤ q ≤ 30000, with varying step sizes. While smaller steps would result in better-

approximated curves, it is expensive to run them. Hence, the experiment with MSVD* has a smaller

step size than MSR-VTT* because the MSR-VTT* dataset size is much larger and running multiple

experiments on it is expensive.

Further, the time taken to perform the experiments is noted here. As it depends on the processor used

and the load on it at the time of the experiment, the time taken reported here is only representative

of the actual value. Since the experiments are conducted on shared GPU servers, the load on it has

varied throughout the experiment, which affects the overall experiment time.
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Figure 14: Plot for MSVD* for change in F1-score and time-taken(in min) to perform the experiment
with change in value q (q is defined in Section 4.3.1)

Figures 14 and 15 shows the plot for MSVD* and MSRVTT* dataset respectively. The ’red curve’

plots the F1 score on the y-axis with the corresponding q value on the x-axis. The ’yellow line’ on

the plot shows the time taken for the inference (in minutes) on the second y-axis, corresponding to

the q value on the x-axis and the F1 score on the first y-axis.

Interestingly, we can see that the F1 score continuously grows, with an almost exponential increase

for the first few epochs, while for higher epochs, the growth rate slows down, with a nearly linear

increase in time-taken for inference, with an increase in value of q. As expected, the F1 score grows

fast initially, with decreasing growth rate with every increase in q. This implies that with better

computational resources, the proposed model will be able to achieve ever better performance by

using higher value of q. This is superior to the baseline results reported in section 7.2.

Table 5 shows the F1 score for both the datasets on two extreme values of q - 200 and 30000. We can

see that even a small value of q = 200 produces better result than the baseline model (LM 2020) in

both datasets. This shows the superiority of the proposed method of using separate multi-classifiers

for all the components in the fact and combining them using the technique mentioned in 4.3.1.
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Figure 15: Plot for MSR-VTT* for change in F1 and time-taken(in min) with q to perform the
experiment with change in value q (q is defined in Section 4.3.1)

Table 5: F1 score and time-taken (in min) for inference with q = 200 and q=30000 by the proposed
model, compared with the F1 score generated by the baseline model [2]

Dataset q F1-score Baseline F1 Time-Taken (in min)

MSVD*
200 18.65

13.99
6.41

30000 41.68 238.68

MSRVTT*
200 28.45

11.83
10.78

30000 50.79 735.09

8.2 Investigation of the contribution of VG statistics

To investigate the contribution of Visual Genome statistics in the KG generation, I perform an

ablation study on it.

The experiments are done for two scenarios:

1. Predictions supported by Visual Genome statistics by following steps - 1 to 8 from Section 4.3.

2. Prediction using only predicate-MLPs by following steps- 1 to 6 in Section 4.3

In both scenarios, predicate-MLPs are trained for different epochs, starting with 0 up to training
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convergence. The other components of the network, namely - encoder, individual-, attribute-, and

relation-multi-classifiers are reloaded from a fully trained network. For each separately trained

predicate-MLP, a dataset for the logistic regressor is built using the pipeline in section 5.1.2, and

the logistic regressor is trained to convergence. This is because the logistic regressor training data use

prediction from predicate-MLPs, so at different epochs, the predictions would be different, meaning

the logistic regressor has to adjust the weight w parameter accordingly.

I only train the predicate-MLPs at different epochs while other components are reloaded from the

fully-trained network because the aim is to investigate the effect of using Visual Genome predictions

on the final output when predicate-MLPs are trained at different epochs, only.

Figure 16 plots the results for MSVD* dataset. As we can see, at epoch=0, i.e. when the predicate-

MLPs are untrained, the F1 score is far better when using second predictions from Visual Genome.

This signifies that when the network did not have any information about the dataset, V G statistics

representing general world knowledge helped the predictions the most.

As I increase the number of epochs, the network learns more about the particular dataset, and the

F1 score in both scenarios becomes close to each other, with ultimately scenario-1 giving a slightly

better result on the fully trained network. There is 1% increase in F1 score compared to scenario-2,

at training convergence. This is expected because, as we can see, the overlap of components between

MSVD* and Visual Genome is quite low (given in Table 1). Hence using the algorithm from section 1

for final prediction, many of the facts predicted do not use Visual Genome prediction. This decreases

the overall effectiveness of using the Visual Genome predictions on the final ouput. However, even

after this, there is a slight increase in the F1 score at the end using Visual Genome. This signifies

that a better dataset, specifically made for videos, can further support the result generated by the

proposed model.

Figure 17 shows the output for MSRVTT dataset. Similar to MSVD* dataset, we can see a high F1

score at epoch = 0, for scenario-1, compared to only using predicate-MLPs (scenario-2). It is to be
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noted that the F1 score at this epoch is significantly better than the baseline model [2]. This signifies

the usefulness of using an independent dataset to support the results in the proposed model. As we

would expect, as I train the predicate-MLPs with more epochs, the score gets better. However, as

the epochs increases, we can see that the scores using V G are slightly inferior to those without it.

This is because, as discussed above, the overlap between its components and MSR-VTT* is quite

low. Further, as alluded in section 7.3, the MSR-VTT* contains a larger vocabulary, which resulted

in more logical atoms excluded from the captions. This means there are more captions with missing

information which leads to a weakening of the semantic relations between the video and the caption.

Since overlap with Visual Genome vocabulary is already quite low in this case, V G statistics are not

able to model the output properly. Hence, for such cases, a more comprehensive dataset is required

(further discussed in 9).

Lastly, the results produced by the proposed model for this experiment signify my purpose of using

an independent dataset to support the predictions produced. The use of predictions from the Visual

Genome dataset increases the probability of correct prediction. This is because if a fact predicted

by the network also occurs in nature (V G in this case), there is more chance of it being true. It

also avoids cases which are impossible to occur; for example, drive(man, car) is possible; however,

sing(man, car) is never possible. In this case, the statistics would produce very high confidence in

the former fact while very very low confidence in the latter fact. This is an important problem to

solve in semantic understanding work because, along with correct, I also need to avoid impossible

scenarios.

8.3 Ablation on the combining framework in Section 4.3.1

As discussed in 4.3.1, the procedure to combine the output from the individual-, attribute-, and

relation-multi-classifiers to produce candidate unary and binary facts is an essential step in filtering

irrelevant facts. To investigate the contribution of the combining procedure used, I perform an

ablation study on this network component.
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Figure 16: Investigation results for MSVD* dataset. The predicate-MLPs are trained at different
epochs while the rest of the model is reloaded from fully trained network. The curves compare
results for experiments for scenario-1 (prediction using predicate-MLPs and Visual Genome, shown
by blue curve on the plot) and scenario-2 (prediction only using predicate-MLPs, shown by orange
curve on the plot). The plot shows change in F1 score with increase in number of epochs during
predicate-MLP training. Epoch=0 signifies that the predicate-MLP is untrained and is initialised
with random weights.

Figure 17: Investigation results for MSR-VTT* dataset. The predicate-MLPs are trained at different
epochs while the rest of the model is reloaded from fully trained network. The curves compare results
for experiments for scenario-1 (prediction using predicate-MLPs and Visual Genome, shown by blue
curve on the plot) and scenario-2 (prediction only using predicate-MLPs, shown by orange curve on
the plot). The plot shows change in F1 score with increase in number of epochs during predicate-
MLP training. Epoch=0 signifies that the predicate-MLP is untrained and is initialised with random
weights.
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In ”without combiner” setting, the näıve approach given in Section 4.3.1 is followed. The combiner

is replaced with a simple thresholding method to get I ′, C ′ and R′. Then all possible combinations

of them are used to form U ′ and B′.That is,

That is,

I ′ = {i ∈ I|g(f(x))i > threshold} ,

C ′ = {c ∈ C|h(f(x))c > threshold} ,

R′ = {r ∈ R|k(f(x))r > threshold} ,

U ′ = I ′ × C ′ ,

B′ = I ′ × I ′ ×R′ ,

T ′ = U ′ ∪B′ .

(54)

The other components of the network are kept the same. The Step-5 (in Section 4.3) is replaced

with the above method, while all the steps are kept same. This tests whether the combining method

is actually filtering irrelevant facts or not and further understands how much it is affecting the

accuracy scores.

Tables 6 and 7 shows the results for MSVD* and MSR-VTT* datasets respectively. The results in

this setting are significantly worse than the proposed model. This is because many of the irrelevant

pairs and triples are fed into the predicate-MLPs, without considering the fact that each component

should be considered with others rather than individually. This shows the effectiveness of the

combining technique 4.3.1.

Table 6: Ablation results on the combining technique given in Section 4.3.1 on MSVD*. The
combining method here is replaced by a simple thresholding method. The best results are in bold

F1-score
Positive

Accuracy (%)
Negative

Accuracy (%)
Total

Accuracy (%)
Proposed Model 29.03 28.07 91.74 81.05

Without Combiner 10.6 7.75 98.96 83.65
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Table 7: Ablation results on the combining technique given in Section 4.3.1 on MSR-VTT*. The
combining method here is replaced by a simple thresholding method. The best results are in bold

F1-score
Positive

Accuracy (%)
Negative

Accuracy (%)
Total

Accuracy (%)
Proposed Model 37.23 34.07 94.15 84.08

Without Combiner 13.6 9.01 99.66 84.47

However, it is to be noted that the results in this ablation setting are better for MSR-VTT* than

MSVD*, which agrees with the quantitative results in Section 7.2. This signifies that the model can

still use and learn from a larger number of training examples from MSR-VTT*, giving better results

for it.

Moreover, because here I am using class- and relation-multi classifiers for predicting attributes and

relations, respectively, I only need to use a subset of attributes and relations rather than using all

combinations from the vocabulary (as was done in the baseline [2]), the proposed model is still more

efficient and filters some of the irrelevant predicates. We can observe that the F1 score and positive

accuracy for MSR-VTT* in this setting are better than the baseline [2].

Lastly, it is worth noting that from the experimental results in Section 8.2, we can see that the

results for the scenario-2, where KGs are only produced using predicate-MLPs, at epoch = 0 (i.e.

when the predicate-MLPs have not been trained at all and is initialised with random weights), when

compared with the baseline results [2], the F1 scores are better for both datasets. This further

validates my choice of using different multi-classifiers for all the components in a fact and combining

them using the method in 4.3.1, due to which many of the inapplicable facts are excluded before

they can be fed to the predicate-MLPs. The comparison can be seen in Table 8.

Table 8: F1 score produced by MSVD* and MSR-VTT* dataset using scenario-2 experiment, where
predicate-MLPs are untrained (epoch = 0) while the rest components of the model are reloaded
from fully trained network. The results are compared with baseline model [2]. The best results are
shown in bold

F1-score Baseline [2]
MSVD* 16.05 13.99

MSR-VTT* 13.51 11.83
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9 Conclusions and Future Works

This thesis has presented the design, implementation and performance of a system designed to

analyse the semantic content of videos. The novel feature of this system is that it extracts the

semantic content in the form of knowledge graph (KG) rather than natural language. Thus, it

can incorporate background knowledge (by incorporating the knowledge base, WordNet in this case

(Section 2.4)). As per my knowledge, there are only two research works that has attempted the

same task [1, 2]. My system significantly outperforms both the models in both positive accuracy

and F1 score, which are more difficult to achieve. It also has much better generalization capability

compared to [1, 2].

In the proposed system, first, three conditionally-independent multi-classifiers are used to predict

the individuals, attributes, and relations, respectively. These three components are combined to

form the set of candidate facts in a way to avoid the inclusion of irrelevant facts. Next, the facts

from the candidate sets are fed into predicate-MLPs to predict if it holds true of the input video. A

second set of predictions is also produced using an independent dataset on which the model is not

trained to incorporate commonsense knowledge. The two sets of predictions are combined using a

binary classifier to get the set of final predicted facts. Finally, the knowledge graph for the input

video is formed by taking a union of all the facts in the final predicted set.

The key contributions and novelty of this work is summarized below:

1. I have proposed a framework for utilising an independent dataset to inject ”commonsense

knowledge” of which predicates are likely to hold true of which individuals in general. That

is, for each potentially true fact, I want to estimate the probability that it holds true of a

randomly chosen video. This ”commonsense knowledge” is essential in avoiding cases which

are unlikely to occur. As per my knowledge, this way of injecting commonsense knowledge has

never been attempted in literature before.

110



Particularly, due to the lack of any video dataset which can be utilised here, I have selected the

Visual Genome dataset [30], which is a very large image dataset where images are annotated

with scene graphs (see 6.3). Next, extracting predictions in a correct way from the independent

dataset is also an important step. Instead of relying on simple heuristics, I have given a

foundational basis for the proposed framework. The prediction of the presence of a fact in the

real world, conditioned on the Visual Genome dataset, is given by calculating the expected

value for the fact under the Bayesian posterior of the presence of the fact, given the Visual

Genome dataset. In Section 4.3.3, this value is derived and comes out to be a simple fraction

of some statistics that can be easily extracted from the dataset (see Equation 43). These

statistics only need to be extracted once and thus will not require any extra computational

resource during the test time, which is another advantage of this method. The theoretical

underpinnings of this step will let me use any such dataset in place of Visual Genome and

calculate prediction directly using Equation 43 in future. As per my knowledge, this work is

also the first to use scene graphs from Visual Genome for this purpose.

2. From the investigative study in Section 8.2, to explore the impact of using an independent

dataset for injecting commonsense knowledge, we can see that this step has given my model

the ability to produce good predictions even when the model is not at all trained and is

initialised with random values. This step paves the way for overcoming the issue with the

availability of fewer data for training the model and tries to make the model data agnostic,

such that it could perform equally well across various datasets without any bias. Ofcourse,

better the dataset (i.e. more exhaustive) used for incorporating commonsense knowledge,

better will the produced results. This overcomes the shortcoming which is highlighted in

Introduction (Section 1), where many previously built models have shown good results only

on some datasets.

3. The work also proposes an approach for combining the results from three conditionally in-

dependent multi-classifiers, namely, individual-, attribute- and relations-multi-classifiers, for

building a set of candidate facts. I also utilise this step to filter out irrelevant facts. As we have
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seen in Section 8.3, this step has helped in drastically improving the results. I mathematically

ground this step using the derivation given in Section 4.3.1. This makes the approach more

effective while generalizing its use.

4. In section 8.1, I have also shown how controlling a hyper-parameter q could even further

improve the results generated by the proposed model. Another important observation made

here is that this improvement only results in a near-linear increase in the time required to

build KGs from the videos (The trade-off is plotted in graphs 14 and 15 indicating better

performance with improvement in processing power in future). This is because many of the

steps are designed to make the overall performance more efficient by exploiting alternative

ways, which result in faster operation. I have focused on this as well because it is important

if I want the proposed model to operate in the real world.

5. Numerous investigation and ablation studies are conducted in Sections 7 and 8, to study

the effectiveness of various components. The model has shown significant improvement com-

pared to the existing models. For MSVD* dataset: F1 = 29.03, positive accuracy = 28.07,

total accuracy = 81.05, (compared to F1 = 13.99, positive accuracy = 12.65 and total accuracy =

22.16, received by the baseline work [2]). For MSR-VTT* dataset: F1 = 37.23, positive accuracy =

34.07, total accuracy = 84.08, (compared to F1 = 11.83, positive accuracy = 6.76 and

total accuracy = 83.01, received by the baseline work [2]). My model has outperformed the

baseline significantly on metrics such as F1 and positive accuracy (which is more difficult to

perform better on, as seen in [2].) This is because my model could overcome the common

obstacle found in this area of work - predicting most of the facts as false because the model

sees more negative examples than positive ones.

Further, as opposed to the literature, where it is difficult to perform better in the MSR-VTT

dataset, my model actually performed much better on the MSR-VTT dataset compared to

MSVD, which shows that the model has the potential to learn large vocabulary in MSR-VTT.

Apart from these advantages, my proposed framework offers several other benefits and gains over
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the common task video annotation (also highlighted in Sections 1 and 3). Firstly, rather than

producing a single sentence to describe the video, it produces an abstract representation of the

semantic content, making it possible to later query on to recover whatever information is needed.

The knowledge graph’s nodes are linked to the WordNet (knowledge base), which makes it possible

to incorporate background knowledge and get abstract information. One use case of the model would

be to automatically tag a database of videos such that the user could query the database to find

out information, such as how many videos depict living organisms or depict some social interactions

etc., without the need to watch those videos. Another use case could be the interpretation of video

content for the visually impaired. The user can recover commonsense inferences that any human will

make from the video content (because the nodes in the knowledge graphs are linked to a knowledge

base (WordNet)), which will provide a significant advantage over the generation of a single natural

language sentence for annotation.

Thus, while annotating a video with a knowledge graph (consisting of a set of logical facts) has been

the main focus of my work in this thesis, the proposed system is, in fact, more versatile than that.

It produces better interpretable representation of the semantic content of the video. This is because

a typical DL architecture often produces vectorised representation which cannot be understood by

direct examination. For example, the CNN used in encoder VGG19 (Section 3.3.1), effectively

represents the semantic content of an image (evident from the paper [59] and the Section 3) using

a feature vector. However, this feature vector is uninterpretable, and humans cannot understand

what it says about the image. On the other hand, facts produced by my network are in the form of

entity ID from WordNet, which can directly be converted to a word that humans can understand.

Secondly, the injection of commonsense knowledge using an independent dataset makes the model

effectively generalise its output on videos from larger domain. As seen in Section 3, many video

annotation models lack generalisation capability, which was a major shortcoming.

Finally, based on the observations made in this thesis and the fact that the use of knowledge graphs

is still in a nascent stage for video annotation, there are a few possible future directions that would
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be interesting to explore. These are summarised below:

1. As highlighted throughout the thesis, and especially in 7.3, there is a need for manually

constructing a dataset specifically designed for video annotation using KG rather than auto-

matically generated datasets.

2. As we can understand, injecting prior or commonsense knowledge is an essential task because,

as humans, machines should not predict something impossible. To this end, Visual Genome

was used in this work; however, as we see in Table 1, the overlap between Visual Genome and

the MSVD/MSR-VTT vocabulary is very low. Hence, an exhaustive and manually generated

dataset for videos is required.

3. Currently, to produce the second prediction, I am utilising statistics from an independent

dataset. It would also be interesting to explore the effect of injecting these statistics before

training the model. Currently, the predicate MLPs, all three multi-classifiers and the individual

vectors are initialised randomly. Instead, I can also pre-train them on the independent dataset

and see if the information can be transferred while the model makes predictions from other

datasets.

4. As KG offers several advantages, it is also good to explore annotation using KG in other input

domains. Such as application to text, where the model could perform a task similar to open

information extraction.

I will explore the above options in my future research.
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