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Abstract

Temporal event localisation of natural language text queries is a novel
task in computer vision. Thus far, no consensus has been reached on
how to predict the temporal boundaries of action segments precisely.
While most attention in literature has been dedicated towards the rep-
resentation of vision, here we attempt to improve the representation
of language for event localisation by applying Graph Convolutions
(GraphSAGE) on ConceptNet with distributional node embedding
features. We argue that due to the large vocabulary size of language
and currently small temporally sentence annotated datasets in scale
and size, a high dependency is placed upon zero-shot performance.
We hypothesise that our approach leads to more visually centred and
structured language embeddings beneficial for this task. To test this,
we design a wide-scale zero-shot dataset based on ImageNet to opti-
mise our embeddings on and compare to other language embedding
methods. State-of-the-art results are obtained on 5/17 popular intrinsic
evaluation benchmarks, but with slightly lower performance on the
TACoS dataset. Due to the almost complete overlap in train- and test-
set vocabulary, we deem additional testing necessary on a dataset that
places more emphasis on word-relatedness; hypernyms, hyponyms
and synonyms, which arguably makes language representation learn-
ing difficult.

Keywords

Event Localisation Language Embeddings Graph Convolutions
TALL-task



Acknowledgements

I would rst like to thank my thesis supervisor Dr. Efstratios Gavves at

the University of Amsterdam for giving me the freedom and courage

to explore the research direction that ultimately lead to the work pre-
sented here. In addition, | want to thank my co-supervisor, Noureldien
Hussein, for sharing his initial views upon his proposed research topic

of Temporal Localisation of Activities in Videos given Natural Language Text
that helped me shape my view of the problem, while giving me the
exibility to come up with my own approach and contribute to the
research eld.

Throughout the years | have also had many teachers, friends and
family members that put me in the position | am in today. My heart
goes out to all the people who had a positive impact in my life and
provided me with valuable life-lessons.

Special mention goes towards my mother, Ana, for being there for me
through the good and bad times. Without you | would not have been
in the situation | am in today, and as such | dedicate this thesis to you.

Lastly, | want to thank the friends | have come to know and appre-
ciate throughout the long working days during the Master Atrti cial
Intelligence. It is these interactions | have valued above all others,
both intellectually and emotionally, and made the long working hours
worth it: Marco Federici, Janosch Haber and Muriel Hol.

Joop Pascha



Copyright © 2018
License information.

Novembe2018



Contents

1 |Introduction ... ..............
1.1 Improving Language Embeddings
with Event Localisation in Mind
1.2 Language and the Relation to the Phys-
icalWorld . . ... ... ... ......
13 OurApproach . .............
14 Research Questions. .. ... ... ..
15 Hypotheses. ... ... ... ......
16 Contributions ... ...........
17 Outline . .................
1.8 Experiments and Relation to the Re-
search Questions. . . .. ... ... ..

2 Background .. ...............
21 TheTALLTask .. ............
2.2 Video Representation - Modeling Dif -

culties . . . . ... o oo

20

221 Spatio-Temporal Video Representation 20

222 Datasets ................
2.2.3 Computational Efciency . . .. ..
2.3 Language Representation - Modeling
Difculties . . ... ... ... .....
24 Remarks & Sub-Conclusions . . . . . .
2.5 Graph Convolutions & Language Em-
beddings . ... ... ... .......
251 Retrotting vs Graph Convolutions

3 RelatedWork . ...............
3.1 TALL Model Architecture . . . .. ..
3.1.1 Modality Feature Extraction . . . . .
3.1.2 Sampling Training Examples
313 LossFunctions. .. ..........
314 EvaluationSetup . ..........
3.15 Observed Difculties . . . ... ...
3.2 The Addition of Language in Action

Localisation . . . . ... .........
3.21 From Words to Word-Embeddings .
3.2.2 Intrinsic Evaluation Methods . . . .
33 GraphSAGE ... ............
331 Training. . ...............
332 Aggregators . . .. ... ... ....
333 Sampling . . ... ...........
34 Zero-shotlLearning . .. ........
34.1 Zero-Shot Evaluation Metrics . . . .

23
28

30
33

33
34

37
37
38
38
39
39
40

40
41
42
43
46
46
47
47
49

4 Methods . ... ............... 50
4.1 Problem Formulation . .. ... .. .. 50
4.2 Overview of Experiments . . . . . .. 50
4.3 | - Zero-shot Cross-Modal Embedding

Space Evaluation. . . . . ... ... .. 54
4.3.1 Objective & Relations to Research
Questions. . . . ... ... ...... 54
4.3.2 Methods Overview . . .. ... ... 55
4.4 1l - GraphSAGE-ConceptNet Embed-
dings . ... .. ... ... 57
4.4.1 Objective & Relations to Research
Questions. . . .. .. ......... 57
4.4.2 Methods Overview . . .. ... ... 57
45 1l - TALL with Sentence Embedding
Replacements . . . . ... ... .... 59
451 Objective & Relations to Research
Questions. . . .. .. ... .. .... 59
45.2 Methods Overview . . ... ... .. 59

5 ExperimentalSetup . . .. ... ...... 61

51 | - Zero-Shot Evaluation of Cross-
Modal Embedding Space . . . . . . .. 61
5.1.1 Dataset Creation Details . . . .. .. 61

5.1.2 Cross-modal Embedding Baseline . 63
5.1.3 Training Objective & Evaluation

Benchmark . . .. ... ........ 67
5.1.4 Architecture Selection & Training . . 68
5.1.5 Qualitative Analysis using Flickr 30k 74
5.2 Il - GraphSAGE-Conceptnet Embeddings 75
5.2.1 ConceptNet Analysis & Graph Com-

parisons . . ... ... ........ 75
5.22 OOV Matching & Dataset Creation . 77
523 GraphSAGE Training & Parameter

Selection . . ... ........... 80
5.3 Il - TALL with Embedding Sentence
Replacements . . . . ... ... .... 83
5.3.1 Averaging: from Word to Sentence
Embeddings . . ... ......... 84
532 Infersent: from Word to Sentence
Embeddings . .. ... ... ... .. 85
5.3.3 TALL Training & Reproduction . . . 86

5.34 TACoS Analysis for Zero-Shot Test-Set 87
535 Charades-STA Analysis for Zero-
ShotTest-Set . . .. .......... 87



536

One-hot Encoding of Words Alterna-

tive ... ... 87
6 Results&Analysis ... .......... 89

6.1 | - Zero-shot Results of Cross-Modal
Embedding Space . . . . ... ... .. 89

6.2 Il - GraphSAGE-ConceptNet Embed-
dingsResults . . . . ... ........ 91
6.2.1 Quantitative - Intrinsic Evaluation . 91
6.2.2 Qualitative Results- TSNe . . . . .. 92

6.2.3 Flickr30k Zero-Shot Evaluation Anal-
VSIS ..o 92

6.3 Il - TALL with Sentence Embedding
Replacements . . . . ... ... .... 95
7 Discussion . .. ... 97
7.1 Restating Hypothesis . . . .. ... .. 97
7.2 Relations between Results & RQs . . . 98
721 RQ1-Improved Alignment?. . . . . 98
7.22 RQ1 - Remarks about Methodology 99
7.23 RQ2- Zero-shot Dataset? . . . . . .. 100
7.24 RQ2 - Remarks about Methodology 101
7.25 RQ3- TALL-task Performance? . . . 102
7.26 RQ3- Remarks about Methodology 104
8 Conclusion . . ... .. .. .. ....... 105
81 FutureWork . .. ............ 106
Figures . . . ... ... ... ... 114
Tables . . . . . . ... .. 120
Acronyms . . . . ... ..o 121
Appendices. . . . ... ... L. 122
A Intrinsic Evaluation Methods Tables . 122

A.1  Aggregator Function vs Feature Ini-
tialization. . . .. ... ... ... .. 122
A.2 Random vs Non-Random Path . .. 122
A.3  Hops Length vs Aggregate Function 122

A.4  Random Walks Count vs Agregator
Function . ... ............ 123
A.5 Dropout vs Aggregate Function. . . 123
B Others................... 123
B.1 Sentences used for TSNe Visualizationl23
B2  Word-Embeddings and References . 123

B3  Cosine similarity Numberbatch and

Our embeddings. . . ... ...... 124



1 Introduction

Forty-eight hours of videos are uploaded to Youtube every

minute with future-projections only indicating that the amount

of video footage created by consumers and companies in-

creased-2. For many applications, including the search and 1Fu et al. (20149
recommendation of content, it is necessary to understand what #Caba Heilbron et al. (2019
occurs within this content. However, manually labelling and

transcribing these videos is for humans a time-intensive task

with limited possibilities towards speeding up this process.

Therefore, there is a high demand for methods that can auto-

matically search, annotate and recommend these videos for

the ef cient retrieval of information. Any solution towards

this general problem description places a heavy reliance on

how visual cues (e.g. object¥ correspond to their linguistic

counter-part (wordg. As of yet, no consensus has been reached

towards how such a suitable cross-modal embedding space

can be obtained that allows for matching textual descriptions

with video segments of variable size 34. Although recently 3Nguyen et al. (2017
this particular research domain has gained increased traction *Xu etal. (2017
within the eld of Computer Vision.

1.1 Improving Language Embeddings with
Event Localisation in Mind

In this work, an attempt is made to improve upon the represen-
tation of language speci cally for the task of event-localisation
in videos given natural language text. Gao et al. (2017 recently
introduced a novel challenge called the Temporal Activity Lo-
calization via Language (TALL)-task in which the objective
is to localise any textual description in natural language text
within videos. Whereas current event-localisation approaches
attempt to localise only a small number of event-"classes" in
videos within a narrow domain, Gao et al. instead use natural
language text to represent a variety of events using word em-
beddings. The use of natural language changes the approach
from a relatively simple classi cation task to a regression prob-
lem in which signi cantly more emphasis is placed upon the
representation of language. Therefore in our work, we speci -
cally focus on improving this representation of language for
event-localisation in videos.

To improve the representation of language for the particular
task of event-localisation, rst hypotheses were formulated
about which properties of language embeddings were deemed
most relevant for matching textual events with vision (meaning:

feature representations of images). Subsequently, a novel
approach was designed to create language embeddings based



on these properties. In an attempt to isolate whether these
properties indeed lead to the hypothesised improved task-
performance in event-localisation, additional experiments are
introduced to obtain a quantitative score to the extent these
properties were apparent in a multitude of different language
embeddings. Then we compare these scores for a variety of
embeddings, including our own, with their actual downstream
task performance to test whether these properties indeed lead
to improved performance. The remainder of this chapter is
intended to provide the reader with the additional background
needed to understand what lead to the formulation of our
approach, including; the dif culties of this particular task, our
most essential realisations that helped shape our hypotheses
and end with the research questions that we attempt to answer
in this work.

Current methods in video understanding mainly focus on
the representation of vision and simplify the representation
of language to only a select number of pre-de ned classes®. 5Gao et al. (2017
Arguably, this task-design could be improved upon by allow-
ing natural language text to be used to not be limited to only
these select number of event categories. However, in order to
go from only a select number of target classes to using natu-
ral language text, numerous challenges arise. Whereas in the
former task design a complete overlap between the training-
and test-set class-categories exist, this is not the case when
natural language is used to represent events. With only lim-
ited visual-textual correspondences during training-time and
the vast vocabulary size of natural language text, it becomes
essential to relate the seen vocabulary during training to the
unseen vocabulary during test-time. This arguably makes this
problem close to a Generalised Zero-Shot Learning (GZSL)
problem-setting in which high performance is vital on both
seen and unseen vocabulary during the test-time. The objective,
therefore, becomes to transfer knowledge from the training-
to test-setting. De Boer et al. 2017 in their work focus on
the semantic reasoning in zero example video event retrieval
which is close to the former problem description. De Boer et al.
describe the absence of appropriate datasets as the primary
challenge with two properties of concepts mainly contributing
to this; the level of complexitynd level of granularityconcepts
can be described at.

The complexity of a concept refers to whether an event is
described on the low-level of objects, mid-level of basic actions
or high-level of complex sequences of movements. For example
on the object-level a description could be; Humans are kicking a
ball and try to score in each others gaat the mid-level; People try
to outscore each other through passing and shopéing high-level;
they play football The granularity on the other hand, states
that Chihuahuais a more speci c example of a dog With the



English vocabulary containing at least 171476unique words © ¢ source from oxforddictionaries
and the event-localisation datasets being relatively small which
span only a small subset of these words (e.g. ”8), this arguably 7 Regneri et al. (2013
places signi cant emphasis on how concepts or words in the ® Sigurdsson et al. (2016
training-set relateto any word in the English vocabulary.

Another dif culty that arises when natural language text
is being used to represent language instead of a select few
action categories is the added uncertainty that comes when
matching vision with language. Whereas in event classi cation
the classes are assumed to be non-overlapping and binary, with
natural language text calculating the similarity between word-
vision correspondences is more dif cult due to the increased
subjectivity. However, the added bene ts of using natural
language text are that it can be potentially used to localise any
event that can be described in natural language text and also
less emphasis is placed upon on arti cially created datasets
that consist of subjectively created event-classethat require
many training examples per class.

In the work of Gao et al. (2017 that formally introduced
the TALL-task, the most emphasis was placed upon obtaining
a suitable model to learn a cross-modal embedding space in
which language can be accurately matched with parts of a
video. The two modalities, represented by language and vision
respectively, are represented by general purpose language em-
beddings obtained using Distributed Semantic Models (DSMs),
e.g. word2vecor Skip-Thought and visual features extracted
from pre-trained Convolutional Neural Networks (CNNSs) re-
spectively. We refer to the space in which both modalities
can be matched as thecross-modal embedding spaueich is
learned by a parameterised model. In this semantic space, the
distance between both feature-representations should ideally
re ect how semantically similar both representations are.

To improve the representation of language and facilitate
the alignment between vision and language for this cross-
modal embedding space, a novel approach is designed here
that relies upon a Graph Convolutional Network (GCN) being
applied on a Knowledge Base (KB) combined with DSM node
feature-representations. Due to the large vocabulary size of
language and limited visual-language correspondences in cur-
rent training-sets, the problem is formulated as a missing-data
problem in which there is a heavy dependency placed upon
GZSL. To perform well in this task-setting, high performance
is necessary on both seen classes during training and unseen
classes during testing. Which in our problem-setting loosely
corresponds with (un)seen words and visual examples.

In order to accurately match vision with text for event-
localisation in videos, we hypothesise that more structured
language embeddings are required than current DSMs provide.
The additional structure could enhance the knowledge trans-



fer from seen to unseen words in the cross-modal embedding
space. Also within the speci ¢ domain of event-localisation or
recognition, language embeddings that more prominently fea-
ture visually grounded relations between the words in the vo-
cabulary were deemed bene cial for subsequent matching with
vision. Leading up to our approach, rst a literature study was
conducted to identify the most recent developments and en-
countered problems within the domain of video-understanding.
Second, based on this literature overview, a literature-gap was
identi ed leading up to our approach. The two main problems
that were identi ed using DSMs for event-localisation given
natural language text are now described in more detail.

First, DSMs approaches’ learn the relations between words
using the distributional hypothesi®n large text corpora coming
from a different domain than the visually centred textual de-
scriptions as can be seen in event-localisation. Arguably this
leads to sub-optimal word-representations for this task. The
distributional hypothesistates that the linguistic items used in
similar context have a similar meaning. Considering the data
sources that these models are trained on, e.g. Wikipedia, the
resulting embeddings are expected to encapsulate relationships
that are more centred around the historical context of events
in contrast to the more visually grounded relationships used
to describe events in videos. For example, to match the textual
guery a spinning top on the tabl# is useful to have language
embeddings that more prominently features the functional
relationship that a top can spinin order to match it with the
visual motion of spinning. In contrast, current DSM approaches
rely on data sources such as Wikipedia which focus more on
historical context of entities and objects, e.g. Barack Hussein
Obama Il, is an American politician who served as4dth President
of the United State®. KBs such as ConceptNet, however, are
centred around objects and their functionality, which could
potentially be used as an alternative method towards obtaining
language embeddings that more prominently feature visually
centred relations in them.

Second, to allow the accurate matching of any linguistic
description with vision arguably a signi cant dependency is
placed upon how one can relate the known vocabulary dur-
ing training to the unknown vocabulary during testing. This
arguably makes this problem closely related to the GZSL task-
setting. In contrast to Zero-Shot Learning (ZSL) which only
considers the model's performance on unseen classes dur-
ing testing, in GZSL approaches also the performance on the
classes already seen during training is taken into account. For
our purpose, these (unseen) classes loosely correspond with
the vocabulary on the language-side with matching visual rep-
resentations on the vision-side. As the same image or video can
be described in an almost in nite number of ways using dif-

10

9e.g. Word2Vec (Mikolov et al. (20131)), GloVe (Pen-
nington et al. (2014), LexVec (Salle et al. 2016)

1 Sentence taken from the
Wikipedia page of Barack Obama
https://en.wikipedia.org/wiki/Barack_Obama



ferent words with emphasis on different visual cues and level
of complexity, the amount of visual-textual correspondences
during training time can always be considered only a small
fraction of the total amount of possible descriptions. Therefore,
a large part of the challenge of nding a cross-modal embed-
ding space can be considered an alignment issue in which the
relationships learned during training-time between the vision
and language modality need to be able to generalise to a high
extent to unseen visual-imagery and textual-descriptions dur-
ing testing. For this reason, an attempt was made towards
optimising language embeddings speci cally for better zero-
shot performance when used in a cross-modal embedding
space setting with vision. The structure of a KB in contrast
to DSM approaches was expected to lead to more structured
language embeddings and therefore better suited to transfer
knowledge to unseen words in the cross-modal embedding
space.

Inherently, in order to match language and vision in a cross-
modal embedding-space, it can be bene cial to understand
how we as humans use language to describe the visual world.
In the following section, this is explored and further illus-
trates how the usage of a KB can help towards revolving the
aforementioned two problems.

1.2 Language and the Relation to the Phys-
ical World

The question can be posed, what exactly is the relationship be-
tween language and vision? Arguably, language has evolved to
describe our surroundings in a simpli ed abstract way that al-
lowed people to effectively communicate ideas and refer to the
same visual surroundings in the real world. Therefore, there
must exist a commonly shared latent representation between
people; an abstraction of the physical world, that is tapped
into by communicating through language. In this condensed
representation, some objects or events are intuitively closer to
us. For example we nd that womenand child are more similar
or closer to each other than child and make-up

A possible explanation for our intuition that some concepts
are closer together than others is the clustering of these objects
in the real physical world. To encode the world in a latent ab-
stract representation with limited capacity, a possible analogy
of the storage device which is our brain, clustering of visual
representations could potentially be an ef cient and practical
solution. As make-upis visually more frequently seen near
femaleswhile for example a bananais not, it also makes sense
to cluster these concept abstractions closer together as they
are observed in a similar context. Many intrinsic evaluation
benchmarks have been designed to try to capture this perceived

11



similarity between words by humans, which subsequently have
been used to test whether the language embeddings trained
by parameterised models exhibit the same similarities between
words as a measurement of their quality. Popular similarity
based tasks include MEN1!, MTURK 12 and WS!3,

In particular, the highly structural formation of words that
make up language, with it is many; hypernyms, hyponyms,
antonyms, synonyms and other types of relations, could pro-
vide a peek into the underlying structure the outside world is
encoded in within our brain. This representation could allow
for more ef cient encoding of concepts, such that concepts that
visually appear closer together in the real world also appear
closer together within this language hierarchy. For example a
catis a pet, and a petis owned by a human could possibly be
seen as an indication that the concepts of humansand catalso
co-occur closely together in the physical world.

So how can this view upon language as a way to describe a
latent representation of a hierarchical abstraction of the world
help in modelling textual and visual similarity for the task
of event-localisation in videos? Given that this hierarchy is
known, this eases the subsequent matching of vision and lan-
guage when only limited visual-and-textual correspondences
are available during training time. This hierarchy allows
for transferring knowledge from the known concepts during
training-time to previously unseen concepts in test-time. Of
course, this hierarchy is unknown in practice, but arguably
knowledge bases such as WordNet and ConceptNet already
attempt to make these semantic clusters in language concrete
by introducing a set of ternary relations <subject, relation, ob-
ject>. An example of a sub-graph of these relationships in
ConceptNet is shown in Figure 1.1.

The hierarchy that is contained within these KBs could po-
tentially be harnessed as an alternative way to obtain language
embeddings. Whereas in DSM approaches there is limited
control over which relationships are being learned resulting

12

1 Bruni et al. (2014
12Radinsky et al. (2011
13 Agirre et al. (2009

Figure 1.1: ConceptNet subgraph. Relations be-
tween concepts are shown by arrows and are direc-
tional. The text above or below the arrows demon-

strate the relationship type (e.g. UsedFor, AtLoca-
tion). Relational data from ConceptNet as shown

here can potentially be combined with semantic

node embedding features to obtain better language

embeddings for event-localisation. Figure repro-

duced from Speer and Havasi (2013.



in general purpose word-embeddings, using only a selection
of a KB like ConceptNet could potentially allow for more con-
trol over which relationships are being learned to speci cally
gather towards a task of interest. For example, one could only
select speci ¢ relationships that are deemed useful for event-
localisation purposes. In Figure 1.1 an example is shown of the
relations between concepts in ConceptNet that could be used
for such a selection.

Another limitation of DSM approaches is that they rely
on large quantities of data in which words that are more fre-
guently appearing in the same context are considered more
semantically similar. However, intuitively repeating the same
sentence does not make the words within the sentence more
similar to us. Nonetheless, DSM approaches are due to its
distributional hypothesis vulnerable to this frequency bias. An
implication of this is that for example a manis more associated
with the word bosswhile femaleis more associated with the
word cooking an undesirable property for many practical ap-
plications 1. By using relational knowledge from KBs to obtain
these embeddings, the frequency in which these relationships
appear in written-text can be partially neglected (explain in
more detail in Section 1.3). However, it is important to note
that even the hierarchical structure of KBs are still subjected to
our own biases and therefore not completely without biases.

(a) Word embedding evaluation comparisons. Higher is better.

1.3 Our Approach

Speer and Lowry-Duda (2017 recently showed the success of
combining relational knowledge found in knowledge bases
such as ConceptNet, with distributional word embeddings to
obtain improved word embeddings using a technique called
retro tting 1°. In their work speci ¢ focus was dedicated to
decreasing the effect of a variety of biases that are apparent
in DSM while improving the state-of-the-art (SOTA) in many
of the intrinsic evaluation benchmarks. This resulted in lan-
guage embeddings called Numberbatchof which the results
can be seen in Figure 1.2 which shows promising signs that
relational knowledge from ConceptNet can be used to improve

13

14Speer 017

(b) Word embedding bias comparisons. Lower is better.

Figure 1.2: Comparison between popular language
embedding methods on intrinsic evaluation bench-
marks and bias-metrics. Figure reproduced from
here. In intrinsic evaluation tasks the similarity

between word-pairs is calculated based on human
judgment and is then compared to the similarity

these word-pairs have in the language-embeddings
as a measurement for success.

15Faruqui, M., Dodge, J., Jauhar, S. K., Dyer, C.,
Howvy, E., and Smith, N. A. (2014. Retro tting
word vectors to semantic lexicons. arXiv preprint
arXiv:14114166



the quality of general purpose language embeddings.

Recently also a new type of algorithms have been introduced
that could combine relational knowledge and distributional
semantics; GCNs. In specic, the work of Hamilton et al.
(2017 that introduced the Graph Convolutions (GC)-based
method GraphSAGE that allows learning node-embedding
feature representations for each node in large-scale graphs in
an unsupervised fashion and in an inductive setting (for a more
in-depth explanation see Section 3.3). The representation of
each node is dependent upon the node's local neighbourhood
while distant nodes are enforced to be dissimilar. In addition,
Hamilton et al. propose a variety of learn-able aggregator
functions to combine this local neighbourhood information
of each node while allowing each node in the graph to have
an additional n-dimensional feature vector. To the best of our
knowledge, this method has not been applied on a KB yet in
an attempt to obtain language embeddings.

In this work, we further explore the possibility of combining
relational knowledge with distributional semantics speci cally
to obtain improved language representations for event locali-
sation given natural language text in videos. By applying the
recently popularised neural network architecture; GCNs on
a speci ¢ sub-selection of ConceptNet to which node-feature
representations are added from popular DSM approaches, it
is expected that more structured language embeddings are
obtained. This additional structure is hypothesised to result
in improved generalisation in a GZSL task-setting when com-
pared to current language embeddings obtained using DSM
approaches. In addition, the object centred focus of Concep-
Net in which many of the relationships are visually grounded
is expected to improve the alignment with visual-features to
obtain a cross-modal embedding space.

This new approach towards obtaining language representa-
tion adds additional challenges including; the question whether
Graph Convolutions can successfully be applied to the domain
of ConceptNet under our task-settings, how to correct the
mismatch between the vocabulary of ConceptNet and DSM
methods to add appropriate nhode-embedding features, and
how to evaluate whether the resulting language embeddings
(1) contain the desired properties we hypothesized and ( 2)
whether this lead to actual task improvements.

14 Research Questions

The following research questions were speci cally attempted
to be answered in this work;

* RQ1 Are language embeddings that are obtained by com-
bining both distributional semantics and relational knowl-
edge, better able to be aligned with the visual-features

14



for zero-shot purposes than using distributional semantics
alone?

* RQ2 How can a wide-scale GZSL evaluation dataset be de-
signed that covers the broad nature of events in videos and
allows comparing different language embedding methods
in their ability to be matched with visual-features given a
GZSL task-setting?

* RQ3 Is a higher zero-shot performance on the evaluation
dataset obtained in RQ2 actually indicative of increased task
performance in event-localisation in videos given natural
language text?

15 Hypotheses

« H1 For event-localisation in a video given natural lan-
guage text the large vocabulary size of language with the
many hypernyms, synonyms and other relationships be-
tween individual words, require more structured language
embeddings than current DSM provide in order to improve
the transfer of knowledge from seen to unseen vocabulary
similar to a GZSL task setting.

« H2 For the matching between visual-features and language-
embeddings in a cross-modal embedding setting, it is bene -
cial if the relationships that the language embeddings entail
are more visually grounded.

1.6 Contributions

The contributions of this work include the following;

1. To the best of our knowledge, we are the rst to apply graph
convolutions on ConceptNet with node feature representa-
tions taken from distributional word-embedding approaches
as an alternative way to obtain language embeddings.

2. The obtained language representation show competitive
results on 14 of the 17 used intrinsic evaluation methods
while reaching SOTA in the metrics AP, BLESS, ESSLI 1A,
ESSLI 2C and RW.

3. Our language embeddings obtain similar but slightly lower
performance than the current SOTA in the TALL-task 16 sub-
stituting only the language representation the approach of
Gao et al. (2017). Further inspection showed that for this
task still high performance could be obtained when words
were represented using a 1-hot encoding rather than lower
dimensional word-embeddings. This demonstrates that for
this task there is limited reliance upon the transfer of knowl-
edge between the train- and test-set vocabulary. We argue
that due to the limited visual-textual correspondences in

15

6 Gao et al. 2017



current event-localisation datasets and the nature of this
problem, this is not a realistic evaluation-setting. Therefore
for the evaluation of this task, we deem the introduction
of a novel dataset necessary which places more emphasis
on the transfer of knowledge by containing more vocabu-
lary variety and less overlap between the train- and test-set
vocabulary.

1.7 OQutline

The remainder of this work is broken up in the following
sections. In the Background Section @) the TALL-task is intro-
duced, an overview is provided towards the problems that are
discussed in literature when learning a language and visual
representation and lastly a comparison is made between GCs
and retro tting as a technique to combine relational knowl-
edge with distributional semantics. This chapter is intended to
give the reader a basic understanding of the topic. In Related
Work (3) a detailed explanation is given of the used TALL- and
GraphSAGE model-architecture that was used to obtain our
results as well as the evaluation methods of word-embeddings
and zero-shot learning approaches. Thereafter in Methods (4)
the TALL-task is formalised, and an overview is provided into
the three experiments conducted in this work in an attempt
to answer the research questions posed in the Introduction
(1.4). In Experimental setup (5), the challenges that were faced
are addressed. Including the creation of a suitable zero-shot
dataset to evaluate to which extend language embeddings are
suited to be aligned with visual-features in a GZSL setting
(5.1.1), the challenges faced when obtaining language embed-
dings using our given approach ( 5.2) and how to go from
word-embeddings to the down-stream task performance ( 5.3).
An overview of the Results ( 6) is then provided after which a
Discussion (7) follows that questions or give strength to our
methodology were appropriate. Lastly, we Conclude ( 8) with a
summarisation of our key ndings and recommendations for
future work.

1.8 Experiments and Relation to the Research
Questions

RQL1 is attempted to be answered in Experiment Il ( 4.5) where
we compare our obtained language embeddings in the evalua-
tion setup as formulated by Gao et al. (2017 on the TALL-task
to test whether our hypothesis (1.5) indeed resulted in im-
proved task-performance. As in our hypothesis we argued
that for the TALL-task the transfer of knowledge from seen to
unseen vocabulary is important and more visually grounded
language embeddings are bene cial, we conduct two small ex-
periments to test whether this is indeed true. To test the former,
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in Section 5.3.6 we replace the vocabulary to a 1-hot encoding
of words to minimise the reliance upon knowledge transfer and
measure the performance on the TALL-task. As the TALL-task
was formulated as a direct response to the critique that current
methods represent language as a simple 1-hot encoding of only
a select few eventclasses, a suitable task-evaluation method
would place emphasis upon word- relatednessather than the
direct matching of classes (or words). Therefore representing a
1-hot encoding of words was expected to result in a relatively
low performance given a suitable task-evaluation setup.

Next, to test whether our embeddings featured relation-
ships that had visual correspondences, in Section 5.1.5 we
conduct an experiment using the Flickr 30k dataset. By POS-
tagging the sentences in the Flickr30k dataset and ranking the
word-image similarity scores of dissimilar and similar pairs
given a trained cross-modal embedding space, it was expected
that a more qualitative comparison could be made between
language embeddings and their ability to be aligned with
visual-features (5.1.5). However, as the obtained cross-modal
embedding space as obtained in Experiment Il (4.4) was unable
to accurately match word-image pairs on the Flickr 30k dataset,
any further analysis was not considered meaningful. Therefore,
this question remains unanswered and only for completeness
this experiment is shortly discussed.

For RQ2 we design Experiment 1l ( 4.4) where we explore
whether the hierarchical structure of ImageNet can be used
to create a zero-shot evaluation benchmark with the objective
of testing generalzero-shot performance. Finally to answer
RQ3 and observe whether increased zero-shot performance
also leads to increased TALL-task performance we compare
the results we obtained using the dataset obtained in RQ 2 with
the task-performance obtained during answering RQ.
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2 Background

Prior to the formulation of the research direction as mentioned
in the Introduction ( 1), an extensive literature study was con-
ducted in an attempt to provide an overview of the identi ed
problems within the domain of event-recognition and localisa-
tion. Based on these ndings a literature-gap was identi ed
that revolved around obtaining an improved representation
of language as current literature greatly simpli es the use
of language to a simple classi cation task or rely on general
purpose word-embeddings obtained by DSM methods. The
ndings from this literature study and the preliminary back-
ground needed to understand our approach, are discussed in
this chapter.

First a more formal introduction of the TALL-task is given in
Section 2.1. Subsequently in Section 2.2 three major dif culties
deemed most important for obtaining an accurate representa-
tion of vision in video-understanding are discussed. Thereafter
in Section 2.3 a more in-depth overview is provided towards
the challenges revolved around obtaining an accurate represen-
tation of language for event-localisation or action classi cation.
Our nal remarks and sub-conclusions regarding these nd-
ings are then summarised in Section 2.4 which were used as a
starting point for our approach. Lastly, as our approach shares
similarities between the retro tting technique that was used
to obtain the Numberbatch word-embeddings leading to the
current SOTA in language embeddings, Section 2.5 is used to
point out the most important differences.

2.1 The TALL Task

Gao et al. 2017 formalise the challenge of nding exact tempo-
ral boundaries in untrimmed videos of free-form text queries
as the TALL-task. In contrast to trimmed videos which are
used for video-classi cation (also called event recognition) with
only one target label per video, in untrimmed videos only a
segment of the video corresponds to the textual description of
the event. Event-localisation can, therefore, be seen as a task
where rst it is required to nd  wherean event occurs after
which there has to be determined whatit is about. Different
from the traditional action localisation task, the TALL-task
describes what it is about in natural language text without
any self-imposed structure (free-forn) instead of a select list
of pre-de ned actions or events, therefore putting increased
emphasis on the representation of language. From now on the
terms eventsand actionswill be used interchangeably to refer
to a textual description with clear visual correspondences that
can be localised in videos.
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In a video multiple and sometimes even overlapping events
can occur with a signi cant part of the video not being speci -
cally gathered towards any particular action. Therefore one of
the most challenging tasks of event-localisation in untrimmed
videos is being able to separate themostsalient part of an event
from the rest of the video 1. Whereas in a classi cation task
there is relatively little ambiguity about the correct class from
the select and pre-de ned list of classes, the exact temporal
boundaries of an event are often subjective and therefore de-
batable. With the introduction of the TALL-task the eld of
Computer Vision (CV) has progressed from the classi cation
of objects to entire videos, and the localisation of actions in
untrimmed videos given a pre-de ned list of action- classeso
also freeing up on this nal constraint. Arguably, this brings us
one step closer for these methods to be applied in real-world
applications that require a search in videos in our own natural
language.

Gao et al. (2017 subdivide the TALL-task in two separate
steps. First, (1) the design of a text and video representation
that allows for creating a joint-representation of language and
vision in which the similarity of the two can be measured.
We refer to this as the cross-modal embedding spaSecond, @)
the ability to accurately locate the actions using the similarity
scores obtained from the cross-modal embedding space using
sliding window based approaches of limited granularity to
account for actions of variable length. How these tasks are
dependent upon each other is shown in Figure 2.1. Inherently,
(2) is dependent upon the feature representation obtained in
(1) which therefore propagates potential sub-optimal language
or vision representations further down the model. Gao et al.
focus mostly on obtaining an appropriate model for ( 2) while
simplifying the language and vision representation by extract-
ing features from models trained separately, Skip-Thoughtand
Inception-V1, on different tasks to base their cross-modal em-
bedding on (1). Therefore rst an effort was made towards
providing a literature overview of the current dif culties in
nding an appropriate video and language representation.
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Figure 2.1: The aim in the TALL-task is to nd the
temporal boundaries of an event described by a
textual description T in video V. (1) A cross-modal
embedding space is learned that should give high
activation for corresponding V and T. ( 2) Thereafter
a segment proposal network is trained that learns
based on the activation output of step (1) to predict
the temporal boundaries t_start and t_stopof the
event described by T.



2.2 Video Representation - Modeling Dif -
culties

Finding a suitable representation of vision is frequently brought
up as one of the most challenging tasks for accurate action
localisation. Concerns in literature are frequently described as
the lack of (1) suitable spatiotemporal video representation for
accurately capturing the large intra-video variation, ( 2) suit-
able datasets for this task and (3) the computational ef ciency
in which this is obtained (Figure 2.2). These are now further
discussed.

221 Spatio-Temporal Video Representation

Dai et al. (2017 describe that although the localisation of ob-
jects in images has been widely studied, localisation of activi-
ties in videos has received less attention. The primary reasons
Dai et al. accredit to this are the increased computational cost
associated with working within the video domain combined
with the lack of large annotated datasets. Yuan et al. (2016
speci cally mention the dif culty of representing time to al-
low to capture events of arbitrary length. Yang et al. ( 2018
describe that the task of how to accurately perform temporal
action localisation is still an open question, while Nguyen et al.
(2017 argue that the lack of appropriate methods to obtain
suitable video representations is the main challenge in action
localisation.

Xu et al. (2017 stress the necessity of extracting meaningful
spatiotemporal features to accurately localise the start and end
times of each activity. Current approaches have the drawbacks
that they do not learn deep representations in an end-to-end
fashion, but instead rely on hand-crafted features or deep fea-
tures extracted from CNNs trained on a different task. Xu
et al. argue that these off-the-shelf representations may not
be optimal for action localisation because of the tremendous
diversity of videos. The vast diversity seen in videos according
to Caba Heilbron et al. (2016 comes from the considerable
variation in motion, scenes, and objects involved, styles of exe-
cution, camera viewpoints, camera motion, background clutter
and occlusions. This makes learning general discriminative
features for videos for a wide variety of domains dif cult.

What makes videos different from images is the large spa-
tiotemporal correlation found between consecutive frames.
These correlations can be captured by complex motion features
for the tasks of the localisation or classi cation of actions, ei-
ther by using CNNs trained on videos using 3D lters or static
approaches. Static approaches, such asTV  L! and dense-
trajectory estimation, in contrast to CNN based approaches,
are not optimised on a speci ¢ dataset and target domain. In-
stead, they focus on separating object motion from camera
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Figure 2.2: A simpli ed overview of three identi-
ed problem-areas of event-localisation in literature.
Current approaches can be roughly divided along
these three dimensions; Upper center nding a suit-
able visual representation. Bottom left the com-
putational ef ciency in which the localisation and
classi cation of action occurs. Bottom right nding
datasets suitable for event-localisation in both size
and variety to accomplish this task. The axis are to
a certain extend dependend upon each other.



motion estimation using for example homography estimation 2,
the tracking of SURF-descriptors across frames or variational
methods to obtain optical ow estimations.

C3D and the more recently introduced | 3D are popular
CNN based methods to encapsulate motion and visual fea-
tures in one joint representation. In these approaches, a vi-
sual feature map is generated containing a representation of
multiple frames at once. As these methods take up some-
where between 0.4 to 2.56 seconds of visual input at a time 2,
nding an accurate frame-level prediction of event bound-
aries for action localisation is therefore dif cult using these
approaches. Potential solutions for this particular problem
have been proposed by for example Yang et al. (2017 that use
Convolutional-Deconvolutional-Convolutional Iters to allow
for more accurate frame-level predictions.

The use of 3D lters in methods such as C3D and 13D come
at the cost of increased model complexity which increases the
risk of over- tting. Recently, Carreira and Zisserman ( 2017
introduced their SOTA | 3D model on video classi cation bench-
marks which is based on the older Inception-V 1 architecture
that focused on computational ef ciency allowing for increased
depth and width of the model's architecture. By in ating the
2D lters pre-trained on Imagenet into the temporal dimension
as a smart initialisation method, improved training-time, and
classi cation accuracy was obtained due to decreased over-
tting possibilities.

Xie et al. (2017 further improved upon the | 3D architecture
by using temporally separable convolutions, introduced spa-
tiotemporal gating mechanisms with additional spatial- and
temporal-pooling. By shifting the temporal depth from the
bottom-layers to the top-layers, the required number of param-
eters were reduced and the performance increased. Despite
these efforts towards reducing model complexity, both mod-
els still were trained using respectively 64 and 56 GPUs with
synchronous stochastic gradient descent on the largest video
classi cation dataset at the time; Kinetics, in order to com-
bat over- tting. Training on a large dataset can be seen as
an additional form of regularisation by decreasing the in u-
ence of each data-point. While the large amount of GPUs is
necessary to compensate for the increased memory require-
ments of one training example due to the temporal dimension
(n-consecutive input frames) and increased model size when
compared to CNNSs that take in only a single image ( 3D lters).

For many video-related tasks, e.g. the localisation and clas-
si cation of actions, features are extracted from SOTA video
classi cation models. The architecture of these models can
be roughly divided into ve popular model architectures as
displayed in Figure 2.5. Depending on the architecture type,
inputs of the model either allow the use of one or multiple
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images with or without the addition of optical ow estimations
between these frames. Optical ow takes the displacements of
intensity patterns into account and therefore can be seen as a
background masker in which the moving parts of the image
are separated from the stationary background. Also, frequently
an attempt is made to distinguish camera motion from object
motion, which is especially useful to detect motion patterns.
Popular optical ow estimation methods are TV-L 1456 and
dense ow optimization ’, with a great overview of the different
methods provided by Fortun et al. ( 2015.

Another dimension of differences between network architec-
tures used in classi cation tasks is when the two streams of
information, optical ow and RGB images, are fused. The most
popular fusion techniques are called late and early fusion, of
which the differences are in more detail described by Karpathy
et al. (2014). In early fusion, the input streams are brought
together in the original feature space while in late fusion the
input streams both modalities are fused in semantic space.
The same trade-off between early and late fusion is frequently
made within the spatiotemporal space of models. Here tempo-
ral information is frequently traded for spatial depth further
down the network. Although 3D CNNs are also able to capture
motion details, the addition of optical ow to these networks
always bene ts classi cation accuracy. This is likely due to
the recurrent re nements these methods use8. Carreira and
Zisserman (2017 showed that for the | 3D model, classi cation
accuracy solely based on motion patterns is comparable to that
of only images. As images are a depth of 3, RGB, while optical
ow is a at image with the image values only indicating the
rate of change between frames, this indicates that for these
classi cation tasks no ne-grained colour or texture patterns
are needed to separate the target classes accurately.

In this section, an overview was provided of some of the
dif culties of modelling the spatiotemporal dimension which
is frequently obtained by introducing new model architectures
using a supervised action classi cation task to learn a discrim-
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Figure 2.3: Popular architectures for learning vi-
sual video representations that include motion. The
models input differ in their representation of time,
e.g. on the frame-level (a,c,d) vs. multiple frames
(b,e), without (a,b) or with additional motion infor-
mation (c,d,e). The model architectures also differ
in the moment motion information is aggregated,
e.g. late (c) vs early fusion (a). Motion patterns
can be learned using 3D lters (b,d,e) or 2D ap-
proaches (a,c). Figure reproduced from Carreira
and Zisserman (2017).

4Zach et al. (2007
5Wedel et al. (2009
5Pérez et al. 013
"Fortun et al. (2015

8 Karpathy et al. (2019



inative feature space. As these provide dif cult modelling
challenges and require signi cant computational power, cur-
rent methods in both action recognition and localisation tasks
refrain from training these networks themselves and instead
use SOTA feature extractors trained using classi cation tasks.
Subsequently, it is common practice to introduce a new model
architecture that uses these extracted features for a particular
downstream task. However, arguably this leads to sub-optimal
spatiotemporal feature representation for the task of event-
localisation due to the different domain these videos originate
from compared to action classi cation tasks and the lesser
reliance on spatio-temporalfeatures. In the following section
we discuss the most popular video datasets used for event
classi cation and localisation tasks.
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To obtain an understanding of which datasets can be used to
train a model with the TALL-task in mind, an attempt was
made to provide an overview of popular datasets in their
difference size, domain and annotation level. Particularly for
the eld of action localisation and classi cation tasks. For
event-localisation in untrimmed videos, videos need to be
temporally annotated which is a time-consuming task and as
a result leads to a lower amount of samples per class and the
total amount of classes. A simpli ed overview of the properties
these datasets can be categorised by is shown in Figure2.6. The
different aspects of these datasets are now shortly discussed.

Datasets

Domain The datasets used for classi cation or localisation
tasks come from either the image or video domain or a combi-
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Figure 2.4: A more in-depth illustration of the ap-
proaches towards aggregating temporal informa-
tion as seen in Figure 2.3. Single Frameoperates
on the frame-level and ignores the temporal aspect.
Late Fusioncompares non-consecutive frames and
merges the feature-representation right before pre-
diction. Early Fusiontakes in n-consecutive frames
and learns one joint-representation of time and spa-
tial information that incorporates motion.  Slow Fu-
siondecreases the temporal-depth in stages while
merging and comparing different sub-networks.
Figure reproduced from Karpathy et al. ( 2014).

Figure 2.5: An overview of a selection of frequently
used datasets in CV with emphasis on event recog-
nition and detection. One can observe signi cant
differences in number of classes and samples per
class depending on the annotation-level (action ob-
ject, sentenceattribute) and domain (image videq.
Videos can either be trimmed or untrimmed, result-
ing in a classi cation or localisation task. More on
this shown in Figure 2.6 and 2.9.

Figure 2.6: Properties of datasets. Colors are corre-
sponding with Figure 2.9. Used for further illustrat-
ing how methods rely upon different properties of
datasets, including the use of Knowledge Transfer
(KT) from the image to video domain.



nation of the two. There is not always a clear correspondence
between the task and the domain of the dataset. For example,
knowledge transfer from the image to the video domain is
common, and some approaches operate on the frame-level in
videos rather than n-consecutive frames as the input of the
model.

Jain et al. 01%) are the rst to provide an in-depth empiri-
cal study of how the recognition of objects within the image
domain can be used for the classi cation and localisation of
actions. They show that actions have biases towards speci c
objects and that the selection thereof is bene cial for action
classi cation tasks. By using 150000bject classi ers trained
on ImageNet rather than only a select few image-classes that
previous methods frequently used, a signi cant improvement
was obtained on action classi cation tasks that could also be
combined with previous video representation methods. On
the frame-level, the likelihood of these object-categories was
averaged over the temporal dimension to obtain a complete
video representation, which was subsequently combined with
additional motion extractors as a representation of the video.
An example of how certain events correlate with certain objects
can be seen in Figure2.7.

Ma et al. (2017 explore whether images from the web can
be used as a computationally inexpensive approach towards
obtaining training data and improving video classi cation
performance. The bene ts of this approach in contrast to using
entire videos are the increased variation of; imagery, camera
viewpoints, backgrounds, body part visibility and clothing,
without the need to deal with redundant or uninformative
frames that are apparent in videos®. In comparison to videos,
images are signi cantly more subjected to a pre- Itering step
in which non-iconic images of a particular action are ltered
out such that only the most discriminative part of an action
remains. Because of this, presumably Ma et al. nd that
using un ltered images from an entire videos are on-par with
selecting only a select few images from the image domain to
use as training data. Based on this nding, they argue that this
can potentially lead to a reduction in annotation labour and
can, therefore, more easily scale-up to larger problems.

Jain et al. @015)10 attempt to localise and classify actions
in an unsupervised fashion by creating an object and action
embedding space in which the two are subsequently matched,
see Figure 2.8. Jain et al. mention that the limitations of the
most common zero-shot approaches in video classi cation are
that the relationships between the unknown and known classes
should be prede ned by their mutual relationships given by
class-to-attribute mappings. These mappings provide under-
lying lower-level image features that are then shared between
unseen and seen classes. They circumvent this limitation by
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Figure 2.7: An example of how events can be seen as
a probability over objects. For example the activity
BenchPress frequently contains the object bench-
press and barbell. Figure reproduced from Jain et al.
(201%).

9Ma et al. (2017

10 Jain, M., van Gemert, J. C., Mensink, T., and Snoek,

C. G. (201%). Objectaction: Classifying and local-
izing actions without any video example. In  Proceed-
ings of the IEEE international conference on computer
vision, pages4588-4596



extracting features from the softmax layer of a pre-trained
ImageNet network as a visual representation while using the
textual descriptions of actions and objects from WordNet to
perform the matching between the two. This is made possible
by the fact that ImageNet uses the concept hierarchy from
WordNet, and therefore allows to relate object-classes with
their linguistic counterpart ( wordg such that a joint-embedding
space can be obtained.

Within the image domain, the most popular dataset is Im-
ageNet!l a large scale hierarchical database of images that
follows the structure of WordNet. To date, it is by far the
largest and most diverse image dataset. WordNet12 is a lexical
database of English words in which nouns, verbs, adjectives
and adverbs are grouped into sets of cognitive synonyms,
therefore named synsets Conceptual-semantic and lexical re-
lations are captured, such that words not close in proximity
are semantically disambiguated. ImageNet exploits this fact
by structuring the image-classes in a hierarchical tree that con-
sequently allows for additional evaluation methods such as
ne-grained vs general classi cation evaluation or sub-tree
removal. Xian et al. (2017 for this reason speci cally mention
its capability to be used as a dataset for zero-shot evaluation
in a broad-setting. As obtaining a broad zero-shot evaluation
dataset was one of our objectives in this work, we use this
property of ImageNet in Section 5.1.1 to accomplish a similar
goal.

Annotation Level & Temporal Videos can be annotated
on the action or sentencdevel, while images are frequently an-
notated on the object or sentencdevel. In literature, the notions
of actionsand eventsare frequently used interchangeably. Here,
actions are both referring to a narrow domain of sport-actions,
as well as to the broader sense of actions, such as ripping paper
or shovelling snow 13. Depending on the annotation-level, the
datasets are either used for a localisation or classi cation task.
In Figure 2.9 the relation between the annotation level and
whether the videos are trimmed or untrimmed is shown. The
action localisation task can be viewed as two consecutive sub-
tasks; the detection of an action and after that the classi cation
thereof. The TALL-task is different from the usual localisation
task in that the target classes in action localisation setting are
usually xed and span only up to a few hundred target classes,
while in the former it can be described using any natural lan-
guage text. This formally means that in the TALL-task the
matching between videos and text happens in semantic space
(the labels consist of n-dimensional continuousembeddings),
whereas in general localisation tasks this matching is accom-
plished in label-space (labels only indicate whether a particular
class is apparent in the video with a one or multi-hot discrete
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Figure 2.8: Instead of relying upon knowledge trans-
fer by using class-to-attribute mappings, Jain et al.
(201%) embed images and textual descriptions of
objects in the same space. Thereafter, they extend
their zero-shot approach towards localisation of ac-
tions in video with promising results.

BKay et al. (2017



encoding).

Popular sentence annotated datasets within the image do-
main are MSCoco®®, Flickr30k1®, Openlmages'®. Examples
of datasets within the video domain that are annotated on
the sentence level are; Charades-STA’, TACoS!8, and on the
action level are UCF10119, Sports-1M20, HMDB 5121, AVA 22,
Kinetics23. However, whereas within the image domain large
datasets can have millions of training examples, temporally

“Linetal (2019

15 Plummer et al. (2015
16Krasin et al. (2017
17Gao et al. 2017

18 Regneri et al. (2013
19Soomro et al. (2012

20 Abu-El-Haija et al. (2019

2lKuehne et al. (2013

2Gu et al. (2017

BKay et al. (2017

24Regneri et al. (2013, Gao et al. 017

annotated datasets consider themselves large with only a few
hundreds or thousand videos 24 (Figure 2.5, Table 2.1).

Large temporally annotated datasets naturally exist within
the domain of videos, such as movies with subtitles. However,
a signi cant difference is that these subtitles describe not what
visually happens within the video, but rather represent what
is being said by the actors that is to a large extent independent
thereof. Therefore, with the introduction of the TALL-task, the
Gao et al. speci cally added temporal annotations to the al-
ready existing Charades dataset in order to obtain a larger tem-
porally annotated dataset than was currently available which
they called Charades-STA.

dataset Citation Release Source Focus Annotation Avg. Duration # Videos # Categories Untrimmed? Benchmark?
THUMOS 14 Jiang et al. @019 ‘14 YouTube Human Actions Single-label, Temporal ~ 4.6s 18k 101

THUMOS 15 Gorban et al. (2019 '15 YouTube Human Actions Single-label, Temporal ~ 4.6s 237k 101

Charades Sigurdsson et al. 01§ '16 Home-Recordings Human Daily Activities Temporal 30s 10k 157

Youtube-8M Abu-El-Haija et al. ( 2016 ‘16 YouTube General Multi-label 1205008 8.2¢° 4716

ActivityNet 1.3 Caba Heilbron et al. (2019 ‘16 Web-search Human Actions Multi-label 5m-10m 28k 200

Kinetics Carreira and Zisserman (2017 ‘17 YouTube Human Actions Single-label, Temporal ~ 10s 306k 400

AVA Guetal. (2017 ‘17 Movies General Daily Life Multi-label, Temporal 15m 192 80

Moments in Time Monfort et al. ( 2018 '18 Web-search General Single-label 3s 1& 339

Table 2.1: Summary of major action recognition

Besides supervised approaches for learning visual repre- datacer
atasets.

sentations with labels used as the target, also unsupervised
approaches exist in the literature that do not rely on the afore-
mentioned datasets. Wang and Gupta (2015 use an unsuper-
vised approach for learning video representations by designing
a Siamese-triplet loss network with a ranking loss-function to
train a visual representation. Whereas in previous work either
an auto-encoder was used to reconstruct static images?®, they
build their method upon the realisation that humans instead
learn their visual representation of the outside world through
dynamic sensory input (the slight variation of visual input over
time). In the triplet loss-function, they enforce that two frames
close to each other should have a similar representation while
a randomly sampled third frame should be dissimilar. On the
PASCAL VOC 26 dataset, they obtain almost similar results in
this unsupervised version with an accuracy of 52.0% compared
to 54.4% for the supervised alternative.

Huang et al. (20169 attempt to learn attributes from images
by using semantic clustering. Their realisation is that large
amounts of human labelling is expensive and that attributes in
the label space are not necessarily discriminative in the feature
space. Instead, they predict attributes that are representative

%Wang, X. and Gupta, A. (2015. Unsupervised
learning of visual representations using videos. In
Proceedings of the IEEE International Conference on
Computer Vision pages2794-2802

% Everingham et al. (2010
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and discriminative by introducing arti cial clusters while max-
imising their separability in feature space. For more details, we
defer to Huang et al. (2016, but the main point is that to learn
a discriminative feature space for videos or images, unsuper-
vised approaches have been proposed with some indications
of initial success.

Benchmark Popular datasets for evaluating video classi ca-
tion in untrimmed videos are THUMOS 14 and THUMOS 15,
Sports-1m and ActivityNet. Trimmed video datasets include;
UCF101, HMBD 51 and more recently also ActivityNet. Al-
though these benchmark datasets have separate training-sets,
to a large extent current models use KT techniques from mod-
els trained on signi cantly larger datasets to obtain SOTA
performance (e.g. 2728). The reliance upon KT techniques
partially defeats the purpose of these evaluation methods as
this shifts the focus to properties that are independent of the
model. With larger datasets being released every year, this
speci cally affects the ability to compare less recent work with
the currently released work as Deep Learning (DL) approaches
frequently bene t signi cantly from larger datasets.

Idrees et al. (2017 describe how the popular THUMOS chal-
lenge and datasets were created with the purpose of improving
video understanding applications. In the recent THUMOS chal-
lenge of '14 and '15, the focus was shifted towards untrimmed
rather than trimmed videos. Idrees et al. argue that for a
less-arti cial evaluation setup of action localisation and classi-
cation also background videos should be included in which
a similar scene is apparent of a particular action without the
action actually taking place. This way no longer simplify the
presence of certain objects within the frame can be used to cor-
rectly predict the temporal window of an event or classi cation
thereof. For example, a piano standing in the background does
not imply it is being played. Therefore the THUMOS ' 14 and
'15 both started to include background videos.

Idrees et al. discuss future improvements for obtaining
datasets for improving video understanding and recommend to
place emphasis on actions and activities performed by humans
individually or in groups combined with dense annotations
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Figure 2.9: General trends towards which datasets
are used for either the localisation or recogni-
tion/detection tasks.



for; objects, actions, scenes, attributes and inter-relationships
between objects, actions and the environment. To add the
necessary annotations, they recommend using WordNet which
allows the modelling of structured knowledge to relate the
different nouns, verbs and adjectives needed to understand
language. For this Idrees et al. note that it is important to
consider the trade-off between consistencyand diversity. Con-
sistency requires that the labels (e.g. objects or actions) are
reused across videos which helps to relate videos that share
the same labels, whereas diversity is meant to increase the
use of the vocabulary such that also for example synonyms
are used (e.g. man, person). Idrees et al. describe that Word-
Net can be used to relate hyponyms and hypernyms to each
other to transfer attributes and properties in order to save time
and effort while generating richer and dense annotations for a
large video dataset. We will see in Section 5.3.4 and 5.3.5 that
the TACoS and the Charades-STA datasets that were used for
evaluating the TALL-task did not contain a large vocabulary.
Therefore, this evaluation setup favors consistency to a large
extent over diversity. However, arguably diversity is important
for the evaluation-setup of the task of event-localisation given
natural language due to the many complex relationships be-
tween words including synonyms, antonyms and hyponyms.
This is further discussed in the Discussion Section (7).

Instead of improving the video annotation method to im-
prove video understanding, in our approach we attempt to
improve the representation of language directly such that the
relationships between e.g. the hyponyms and hypernyms
between words already contain this similarity. This could po-
tentially uplift the dependency upon costly annotated datasets.

Recently, critique has been brought up regarding the cur-
rent methods and reliance's upon speci ¢ datasets in action
classi cation and localisation tasks. Including ( 1) the depen-
dency upon trimmed videos for video classi cation which is
in contrast to the general nature videos occur in 2% and (2) al- »|drees et al. (2017
though action localisation tasks and datasets partially resolve
this problem these datasets are still con ned to a relatively
narrow domain with only a small number of classes 3C. This % Gao et al. (2017)
poses questions about the generalisability of these methods
concerning the goal of achieving generalvideo understanding.
An example of a practical application that would require such
a feature could for example be video-playback of a specic
event through voice commands for streaming services.

223  Computational Ef ciency

When working in the domain of vision the computation ef-
ciency of the proposed model architecture is important for
many downstream applications. There have been many works
proposed that speci cally focus on this aspect for the localisa-
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tion of events in videos. What makes this especially dif cult is
the added temporal dimension and large variety of duration
of events that require a more expensive search operation. A
common but slow approach towards this problem is to rst
have an action proposal method suggest where a possible ac-
tion occurs which happens using multiple temporal resolutions
using a sliding window approach while utilising extracted fea-
tures from CNNs trained on a different task. This reduces the
amount of training time needed immensely as training visual
representation from scratch is one of the most computationally
expensive operations in CV. After the action proposal network
there follows a proposal classi cation step. To date this is still
the status quo3!, however many computational improvements
have been proposed. As computational ef ciency is such an
essential part of any video search or localisation application,
these are now shortly discussed.

Xu et al. (2017 improve the standard action proposal and
classi cation pipeline by sharing the parameters between both
individual segment proposal and classi cation networks which
decreases the computational cost and allows for end-to-end
learning. Xu et al. argue that the use of feature extraction
methods trained on a different task could lead to sub-optimal
representations for the localisation of activities in diverse video
domains, resulting in inferior performance. In addition, during
the action proposal stage, the videos need to be scanned at a
variety of temporal scales using sliding window approaches,
leading to poor computational ef ciency. In a similar fashion as
the Faster R-CNN object detection approach, they compute 3D
CNN features and propose temporal regions likely to contain
activities, after that these feature regions are pooled and used
to predict activity classes.

Caba Heilbron et al. (2016 mention that applying action
classi ers at every time location and multiple temporal scales
is unfeasible in a large-scale video analysis application which
in part is causing that activity detection in large-scale video
collections remains relatively unexplored. Caba Heilbron et al.
attempt to improve the initial spatiotemporal proposal step.
The bene t of spatiotemporal proposals that still include time
and space is that this allows separating co-occurring and over-
lapping events. Criteria for success for this initial step are (a)
high recall and relatively good precision but more importantly
that (b) it should produce these proposals quickly. However,
Caba Heilbron et al. show that when proposals are made only
in time excluding the space dimension, limited performance
losses are obtained while it improves the scaling of this method
to signi cantly larger scale video datasets such as THUMOS
and ActivityNet.

In Figure 2.3, an overview was provided of the different
ways optical ow is included in popular video representation
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learning architectures. Initially, calculating the optical ow of
video segments prevented any of the methods that relied upon
this to run in real-time as these methods could not be applied
in real-time. Zhang et al. (2016 tried to improve upon this
by replacing the optical ow- with motion-estimation. Their
key realisation is that motion and optical ow estimations are
inherently correlated. Motion vectors are being used in video
compression by exploiting how one macroblock of an image
moves across time to reduce the bit rate in video compression.
Therefore, in contrast to optical ow estimation, the movement
patterns are coarse and not precise. By using the encoded video
directly, and learning how this corresponds with the optical
ow through a parameterised model, signi cant improvements
were obtained including real-time motion estimation that was
much closer to the precision found in optical ow.

Nguyen et al. (2017 propose a weakly supervised deep neu-
ral network that selects a sparse subset of frames for the task of
action recognition. Nguyen et al. introduce a loss-function that
penalises both the classi cation error while also encouraging
sparse frame selection to predict the appropriate class. As a
result, instead of analysing the whole video before making the
class prediction, only a subset of the frames in the video are
observed before making the prediction. As argued, this is es-
pecially important in untrimmed videos in which only a small
fraction of the frames actually contain an action of interest.
SOTA was obtained on the THUMOS 14 and ActivityNet 1.3
dataset indicating the success of this approach.

2.3 Language Representation - Modeling Dif-
culties

Thus far we have discussed some of the identi ed problems
with learning an appropriate video representation, without
mentioning the efforts done to improve the representation
of language However, when it comes to searching or local-
ising speci ¢ events denoted in natural language text, this
is arguably equally important. Although the TALL-task is
new and the inclusion of natural language has been relatively
unexplored 32, there are a few works in literature that take 2Gap et al. (2017
a language rst-approach when it comes to video or image
understanding which are discussed now.
De Boer et al. 2017 attempt to provide an overview of
the current challenges of zero example video event retrieval.
In their work they focus on the TRECVID MED 33 challenge;  %0Over et al. (2019
retrieving relevant video clips given only a precise textual
description of a complex event. As such it shares a similar ob-
jective as is attempted here. They emphasise on two challenges
of designing an effective system for zero example complex
event retrieval in video; the vocabulary and conceptelection-
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challenge.

For the concept selection challenge, the objective is to nd
the right concepts to pre-train on. Not all concepts are deemed
equally useful for the transfer of knowledge to unseen classes,
for example, ImageNet contains a large variety of dog breeds
unimportant for most tasks. De Boer et al. further expand on
existing literature by showing that including high-level con-
cepts (e.g. events) are generally more important than low-level
concepts (objects) for accurate performance for the task of event
recognition given any textual description. Improvements are
however obtained when combining the two. Earlier work al-
ready demonstrated that task-speci ¢ concept-selection in con-
trast to selecting all concepts lead to improved performance 34. % Mazloom et al. (2013
Besides, it can be expected that whereas some concepts have
clear visual correspondences others may not, which potentially
limits their usefulness to be matched with visual-features.

The second challenge is the concept selection challenge in
which words in the query have to be matched with the pre-
trained concepts obtained in the vocabulary challenge. Liu
et al. (2007 provide ve different ways to achieve this, includ-
ing; using a KB, selecting the most relevant concepts in the
training-set based on machine learning methods and incor-
porating relevance feedback from the user click behaviour to
re-order the search results over time. Our approach here can
be considered an instance of an approach towards solving the
vocabulary challenge that uses a KB. By creating systematic
language embeddings with the usage of a KB, relating the
seen vocabulary during training time to the unseen vocabulary
during testing is expected to improve.

De Boer et al. designed a system that augments and or
changes the User User Query (UQ) into an underlying System
Query (SQ). For each word in the UQ that is not in the training-
set the closest word in the word 2vec vocabulary are averaged
till the average cosine similarity between the UQ and actual
word-embedding does not increase any more. Only words are
included that have a cosine similarity above a certain threshold.
This way the problem of query driftis partially prevented, in
which replacing words used in the UQ with multiple words
in the SQ degrades the actual similarity between the UQ and
SQ. In our work, instead of doing query expansion from UQ
to SQ and keeping the representation of language xed, an
attempt is made to encode the essential relationships between
closeconcepts directly in the language representation.

When dealing with the vocabulary challenge, De Boer et al.
see that concepts can relate to each other in two important
ways. On the levels of granularity and complexity?®. The linguis- % De Boer et al. 2017
tic terms for the former are hyponyms (spoon is the hyponym
of cutlery) and hypernyms (colour is the hypernym of red). At
the same time, events can be described on different levels of
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complexity, on the object level, basic actions, activities, interac-
tions or on an even higher level of complex activities involving
people interacting with other people and objects. As these rela-
tionships are already an essential part within KB, using a KB
directly to solve the vocabulary challenge could make sense.
The concept selection challenge, however, remains an issue
using this approach as the visual cues that are matched with
language in the cross-modal embedding space is ultimately
dependent upon the selection of visual examples.

Whereas signi cant progress has been made in learning
visual-semantic embeddings for zero-shot learning, relating
images to text is still far from a resolved challenge 36. Reed et al.
(2016 take a language rst approach in an attempt to solve the
particular challenge of matching images with ne-grained tex-

tual descriptions of image-classes even for zero-shot test cases.

Although Reed et al. focus on zero-shot imagerecognition and
retrieval in a narrow domain of birds, the primary objective
is shared in which language rather than vision is the focus
towards improving zero-shot event recognition. The datasets
that are available for training such a model are, however, lim-
ited. Wikipedia is one of the largest sources of textual data
but is not visually focused, whereas selecting only the visu-
ally centred subset thereof once again makes the dataset too
small. Reed et al. 2016 hypothesise that using larger-capacity
text models are required for high zero-shot text embedding
methods, which increase the reliance on larger visually centred
datasets: images with multiple visual descriptions. Their ap-
proach leads to SOTA performance on the CaltechUCSD Birds
2002011 dataset.

Another dif culty Reed et al. ( 2016 face is how to train
models end-to-end in which both the visual and textual rep-
resentation are being learned jointly. The CUB and Flowers
datasets were used with Amazon Mechanical Turk (AMT) be-
ing used to obtain ten visual descriptions for each image. By
using a CNN-RNN model architecture for learning the rep-
resentation of language on the character level, robustness for
typos was obtained. The learning objective was formulated
as a surrogate objective function where the textual and visual
representation of training examples from the same class were
forced to be the same. SOTA performance was obtained using
this approach which indicates that current class-to-attribute
mappings are not required to obtain high performance given
this particular task 3. However, the careful selection of visually
grounded image descriptions and narrowly con ned domain
the images are situated in within the CUB and Flowers dataset
make it dif cult to generalise these ndings to the domain of
event-localisation given natural language text as this would
rely more on coarse rather than narrow video understanding.

In 2017 ConceptNet 5.5 was introduced with the intention
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to further improve language machine learning applications
such as methods towards obtaining word embeddings. The
multilingual KB was explicitly designed to represent general
knowledge involved in understanding language by incorporat-
ing knowledge from multiple KBs while also adding additional
expert knowledge. Speer et al. (2017 note that when Con-
ceptNet is combined with word embeddings acquired using
distributional word semantics it provides applications with
additional understanding that can not be obtained using solely
distributional embeddings, which is in line with our objec-
tive in this work. The dataset consists of ternary relations
< subjectrelation object>, and includes inter-language rela-
tions. In their follow-up paper 38, the authors go into detail how
to obtain improved language embeddings using ConceptNet in
a method called retro tting. This resulted in the already men-
tioned Numberbatch in the Introduction, the current SOTA in
language embeddings. Our approach resembles the inclusion
of both the knowledge contained in ConceptNet and distribu-
tional word embedding approaches. The differences between
their approach and ours is further discussed in Section 2.5.

24 Remarks & Sub-Conclusions

In the previous sections we have explored some dif culties
in literature in obtaining an effective video representation for
video understanding tasks. In speci c, the lack of task-speci c
end-to-end trained video representations and large-scale video
datasets combined with ef cient models for event-localisation
are frequently brought up as the most dif cult challenges cur-
rently limiting the speed in which the eld can progress. More
importantly, the representation of video is still being learned
using only a select few target event classes represented by a
one hot encoding which greatly simpli es the usage of lan-
guage. Arguably for the task of event-localisation a thorough
understanding of how visual cues correspond with language
is needed. Gao et al. Q017 in their approach represent lan-
guage using general language embeddings obtained using
distributional word vector methods. In our work, we attempt
to improve the representation of language speci cally with
this task in mind. The next section provides the reader with a
general introduction to GCs and how they can be potentially
used to obtain language embeddings speci cally tailored to
the TALL-task.

2.5 Graph Convolutions & Language Em-
beddings

GCNs have recently become popular with two main direc-
tions to their applicability; link prediction and node classi -
cation3240, Graph Convolutional Networks models share the
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objective of taking in a graph structure G = (V, E) and produce
node-level output representations Z in an attempt to minimise
the reconstruction error of the graph. Therefore, Z can be
considered a condensed node-embedding feature representa-
tion of the graph. These models share a feature description
xi for every node i represented in the matrix X of size N xD
with an additional adjacency matrix A that for each node con-
tains a multi-hot encoding representing the relationships to
neighbouring nodes.

For our task, the objective is to nd suitable node-embedding
representations of the nodes in the ConceptNet KB in which
each node roughly corresponds with one word in the English
language. As aresult, node classi cation methods could at least
in theory be applicable here as these methods have been shown
to ef ciently encode complex graphs to low-dimensional word
vectors. In unsupervised classi cation approaches, the heuris-
tic can be used that the local neighbourhood of a particular
node should have a more similar feature-representation than
nodes further apart in the graph. When it comes to obtaining
low-dimensional language embeddings, the current SOTA ac-
cording to many of the intrinsic bench-marking metrics (see
6.2) is actually based on ConceptNet*142 which is a knowledge “Havasi et al. (2007)
graph that connects words and phrases with labelled edges. *2Speer and Havasi (2013
Numberbatch uses the technique called retro tting in combi-
nation with additional efforts towards decreasing the number
of biases, including gender bias and ethnic biases. A compar-
ison to other language embeddings on a select few intrinsic
evaluation methods and bias-metrics can be seen in Figure 1.2.

Now follows a short comparison between our proposed
solution and the retro tting method.

251 Retro tting vs Graph Convolutions

Retrofitting In retro tting lexical relational sources are
used to obtain higher quality semantic word vectors as a post-
processing step through belief propagation which can be ap-
plied to any vector training model 43. Therefore this approach 43 Faruqui et al. (2014
can also be applied on any pre-trained word-embedding. The
prerequisite is a set of words and their representations given
by a vocabulary V = w;, ,wp and an ontology W that en-
codes the relationships between the words which is repre-
sented as an undirected graph G consisting of vertices and
edge pairs (V,E) with one vertex for each word type and edges
(wi,wj) 2 E  VxV. The matrix Q is a collection of vec-
tor representations g 2 R 9 for each w; 2 V where d is the
length of the word vectors. Our objective is to learn the ma-
trix Q =(q, ,qn) such that the columns are close to their
counterparts in Q in addition to the adjacent vertices in W. The
distance between a pair of vectors is de ned by the Euclidean
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distance, such that the minimisation objective becomes,

2 3
n
Y(Q) = & 4akq Gk*+ & bjkg gk (2.1)

i=1 (i.j)2E

with a and b determining the weight between the two loss-
function components. As Y is convex in Q, this can be solved
using a system of linear equations. Faruqui et al. (2014 state
that running the following update rule, which is the rst deriva-
tive of Y with respect to g, and equating it to zero for ten
iterations converges within 10 2 distance from the optimal
solution within 5 seconds given the dataset sizes displayed in

Figure 2.10.
_Ajij2ebijg t aiG; Figure 2.10: Approximate size of the graphs used to
a = 2 b + a (2-2) apply retro tting on. Table reproduced by Faruqui
aj(ij)2e Dij * i et al. (2019

The rstterm in Equation 2.1 weighted by a can be interpreted
as a prior on the representation of the word-embeddings.

Graph Convolutions The specic GCN we are using is
called GraphSAGE. A general introduction speci cally de-
signed to compare this method with the retro tting technique
is given now, for a more thorough overview of the GraphSAGE
we defer to Section 3.3.

In contrast to the standard GCN that learns the node-level
feature representation in a transductive setting in which during
training and testing the same graph is being used, GraphSAGE
sets itself apart by learning node feature representations in an
inductive setting. Compared to the transductive setting, in the
inductive framework one must learn to recognise structural
properties of a node's neighbourhood that reveals both the
node's local role in the graph as well as its global position 4. “Hamilton et al. ( 2017
We expect that the added information about the node's global
role in the graph that is not included in the retro tting setup
further improves the zero-shot learning performance due to its
added structure.

Whereas in the transductive setting information is propa-
gated from the local neighbourhood only, the added require-
ment to incorporate global information of the entire-graph in-
creases the computational cost signi cantly. For computational
ef ciency Hamilton et al. propose the SAmple and aggreGatE
method (GraphSAGE). Here local neighbourhood information
is rst sampled by a neighbourhood function N (v) that takes
in a vertex and returns a random one from the neighbourhood
which is de ned as being within n hops distance. One hops
is being equal to one edge-traversal starting from a particular
node of interest. As the retro tting technique does not feature
any stochastic process, this marks one difference between both
methods. Subsequently, depending on the number of hidden
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layers, information is aggregated from the local neighbourhood
using a variety of parameterised aggregator functions. The
term aggregator functions being used to describe any function
that combines the existing node feature representation h and in-
corporates additional local neighbourhood information within
this representation. Starting with the node feature embeddings
X (the language embeddings which are equivalent to §; in the
retro tting example) which is initially set to be equal to  h,
the objective is to learn a feature representation z, through a
chosen aggregator function to minimise the following objective
function:

B(z) = log(s(ziz)) Q  E 90 zi2y,)) (23)
Where z, is the result of one or multiple layers of parame-
terised node feature aggregation functions with a fully con-
nected layer followed by a non-linearity. The global position of
the node is added indirectly to the node-feature representation
by enforcing that negative samples (zy,, sampled by P,(v))
should be dissimilar. It is important to note that Js updates
and uses the feature representation of z,, instead of the original
node feature representation as was the case in the retro tting
example (§). As such, the representation of z, can become
signi cantly different from the original feature representation
(Gi in the retro tting example, x in the GraphSAGE example).
Hence, the main difference between the methods of retro tting
and GraphSAGE is that information in the latter is aggregated
using (1) a parameterised function and non-linearity optimized
by gradient descent using (2) a sampling technique instead of
the entire neighbourhood and most importantly ( 3) is depen-
dent upon the learned feature representations instead of the
initially learned feature representation from the distributional
word-embedding method.
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3 Related Work

In our work we use the TALL network architecture introduced
by Gao et al. (2017 in order to temporally localise events given
extracted video features and language embeddings obtained
using the GraphSAGE model architecture introduced by Hamil-
ton et al. (2017). Therefore an overview of these works is now
discussed in depth, in addition to some work centred around
the evaluation of word-embeddings and zero-shot evaluation
methods that are used in the methods and experimental setup
section.

3.1 TALL Model Architecture

Gao et al. (2017 mainly focus in their work on nding a suit-
able solution for their earlier introduced TALL-task by ob-
taining an appropriate model to project language and visual
features into a common cross-modal embedding space for ac-
curate temporal localisation. As this is a newly introduced
task, no earlier benchmark scores exist. They address the
problems on how to localise events of signi cantly different
lengths and how to use natural language text in the process
as opposed to using only a small list of pre-de ned event
classes in a completely supervised fashion. The former can be
characterised as a computational problem as densely sampling
features and aggregating information on multiple time-scales
increases the search space signi cantly. The latter is changing
the modelling formulation from a completely supervised and
balanced classi cation problem into one with a more complex
cross-modal embedding space in which both the labels (text)
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Figure 3.1: The TALL module architecture; Cross-
modal Temporal Regression Localizer (CTRL) archi-
tecture. CTRL contains four modules: a visual en-
coder to extract features for video clips, a sentence
encoder to extract textual embeddings, a multi-
modal processing network to generate combined
representations for the visual and text domain, and

a temporal regression network to produce align-

ment scores and location offsets. Figure and its
description reproduced from Gao et al. ( 2017).

1Gao et al. (2017



and video are projected into a continuous space in which the
matching happens between the two.

An overview of the model architecture that was used to
address these issues can be seen in Figur8.1 and is introduced
as the Cross-modal Temporal Regression Localizer (CTRL)
model architecture. The most important components are the;
visual encoderwhich maps video segments into visual features
fy, sentence encodehat maps text to textual features fs, a multi-
modal processing unitthat combines the two modalities into
one joint representation fsy, and lastly the temporal localisation
regression networkhat consists of two separate loss-functions
that optimize for the similarity between the two modalities
(alignment scorgand the predictions of the start and end time
of the particular event given the visual input ( location regressjr
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Visual features are extracted from untrimmed video clips by
cutting the video using a multi-scale sliding window with
80% overlap with [ 64, 128 256, 517 frames using the C3D
modal architecture trained on the Sports 1M dataset. As the
C3D clip-level feature extractor model takes in only 64 consec-
utive frames, frames are sampled uniformly when the sliding
window length exceeds this amount. Context clips besides
the central clip are given to the model with the intention of
improving the ability to localise the temporal boundaries using
the location regression loss (Section3.1.3). As events can be of
arbitrary length, multiple context clips are average pooled to ac-
commodate longer video clips ( f"*™ and f2°%*™). Language
embeddings are obtained either on the word- (Word 2Vec) or
sentence-level (Skip-Thoughts) which are both obtained using
networks that rely upon the distributional hypothesis. The
authors accredit the lower score they obtained for training
sentence embeddings by using a LSTM aggregator function on
the word-level due to the limited dataset size (Figure 3.2).

Modality Feature Extraction
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As the multi-scale sliding window approach towards obtaining
visual features does not lead to video-clips that overlap entirely
with the temporal sentence annotations windows, Gao et al.
(2017 mine training examples only if ( 1) the loU between the
extracted video-segment and temporal sentence annotation
window is greater than 0.5, the non-nloL is smaller than 0.2
and (3) only one sliding window clip can be assigned to one
sentence description. In Figure 3.3 an illustrative example is
shown of the different terms. While using loU is standard
practice when dealing with a localisation task, the addition of
nloL was used to ensure minimal overlap between the visual
features and other sentences for the location regressiotoss.
The latter is a signi cant problem with the used TACoS and

Sampling Training Examples
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Figure 3.2: Signi cant performance differences were
observed using either a learn-able sentence en-
coder from the word-level or pre-trained sentence-
embeddings. Gao et al. (2017 accredit the observed
difference due to the limited dataset size that make
the training on the word-level unfeasible. Figure
reproduced from Gao et al. (2017).

Figure 3.3: lllustrative schematic overview of the
different terms used to extract positive training
examples and Intersection over Union (loU)/non-
Intersection of Length (nloL) calculations. Figure
reproduced from Gao et al. (2017



Charades-STA datasets as the temporal sentence annotations
are dense and often directly follow each other.

3.1.3 Loss Functions

The multi-task loss-function consists of two loss-functions and
one hyper-parameter controlling the trade-off between the two.
The visual-semantic alignment score loss L, the clip location
regression loss Lyeg and a weighting factor a:

L= Lant alreg (31)

The alignment loss encourages aligned clip-sentence pairs to
have positive scores and misaligned pairs to have negative
scores,

Lain = [aclog(1+ exp( cs;))+
0

N

I Qo=

1
N .

(3.2)

a
j6i

awlog(1+ exp(cs;))]

o
j=0

where N is the batch size, cg; is the alignment scores between
the sentence and video clip, ac and ay denote the weight of
positive (aligned) and negative (misaligned) examples respec-
tively. The regression loss Lyegis only calculated for the aligned

clip-sentence pairs,

N
Lreg = %é [R(ty; txi)+ R(ty; tyi)l (3.3)

where sentences; contains the temporal start and end time,
tjS and tje. The R( ') function is a smooth L; function. For the
accurate temporal localisation, two con gurations were tested,
a parameterised and non-parameterised version to predict the
centre and length of the action. Both cases are symbolised by
the x and y in the L,eq loss-function, which are represented by
p and | for the parameterised version,

to=(p pc) Ity = log(l/ Ic) (34)

where p and | are the clip's centre coordinate and clip length.
For the non-parameterised version x and y are represented by
sand e

ts= s S,te= € & (3.5
3.14  Evaluation Setup

The performance of the described model-architecture was mea-

sured on the TACoS and Charades-STA datasets in terms of

loU 2 f0.5,0.3,0.8 at recall@f 1,59 and compared to a ran-

dom baseline. The score was calculated as a percentage of
the overall sentences of which the loU is larger than the given
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f0.5,0.3,0.9 ranked by loU at the given recall cutoff f1,5g.
The random baseline was created by randomly selecting n
windows from the test sliding windows of which the loU at
the different recall cutoffs was then calculated. Therefore the
scoring function can be formalised as,

R(n,m) = N

1N
r(n,m,s) (3.6)

=1
where N is the total number of queries and R( ) is the average
performance among all sentences where the R@n (sorted in
descending order is higher) than the selected loU@m given a

sentences;.

3.1.5 Observed Dif culties

Gao et al. (2017 mention that long query sentences increase the
chance of failure presumably due the sentence embeddings not
being discriminative enough. Signi cant performance losses
were observed going from word-level to sentence-level embed-
dings through a parameterised model (Long Short Term Mem-
mory (LSTM)) when compared to using pre-trained sentence-
level embeddings on a different task (Figure 3.2). The reason
Gao et al. (2017 give for this is the limited dataset size of only
127videos. Therefore this limitation is inherently a dataset-size
problem rather than a modelling limitation. In the Background
Section (2.2.3) the problem of query drift was discussed in
which longer queries result in less discriminative sentence rep-
resentations. Although Gao et al. do not rely on matching
the UQ with a SQ as was the case in the work of De Boer
et al. (2017, still the same problem of query drift is likely to
occur as longer queries result in less discriminative feature-
representations due to the averaging over multiple words.

The second limitation that was mentioned is that when the
same motion was used but with different objects (e.g. putting a
cucumber or knife on a cutting board) the model had dif culty
in distinguishing the two. This indicates that additional focus
should be dedicated to the accurate localisation of speci ¢ ob-
jects in the visual representation. As a pre-trained CNN model
was used trained on the Sports1M dataset, this problem can
partially be accredited to the domain-shift going from the do-
main of sports to activities in homes which requires a different
feature-representation to separate the events effectively.

3.2  The Addition of Language in Action Lo-
calisation

Thus far in most approaches, visual input is being matched
with its language counterpart consisting of only a prede ned
and small list of event-classes described in a single word. In
the models that are being used in these approaches, the visual
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input is used as input of the network with the target language
representation being represented using a one-hot-encoded rep-
resentation of the corresponding language "classes", therefore
greatly simplifying the language. To go from a well-constrained
representation of language to one that closely resembles nat-
ural language text, a few approaches frequently used in the
literature are discussed now.

321 From Words to Word-Embeddings

First, there is the problem of how to represent words; the
smallest meaningful token in language. For this, distributional

word embeddings are the industry standard in which words

are represented in an n-dimensional space in which the posi-
tion and distance between words can represent the different
semantic meanings of words and the relationships between
them respectively. These methods rely upon the distributional
hypothesis, words that occur in the same context tend to have
similar meanings and are trained in an unsupervised matter.

Starting with word2ved that popularized this approach, and 2 Mikolov et al. ( 201%)

many other adaptations that have been made over the years

including GloVe® and lexveé. 3 Pennington et al. (2014
To evaluate the quality of the obtained word-embeddings, *Salle et al. 019

intrinsic evaluationbenchmarks and extrinsic evaluation methods

are used®. The former is the most popular method to com- 5 Jones and Galliers (1995

pare language embedding quality as they are dependent upon
datasets which make them easy to compare different language
embeddings. Intrinsic evaluation benchmarks compare the
similarity scores of word-pairs within the embedding-space
of language embeddings to the human-based similarity scores
of the same word-pairs. If the similarity between word-pairs
within the language-embeddings corresponds with our own
judgment, a high intrinsic evaluation benchmark score can be
expected.

On the other hand in extrinsic evaluation tasks, the word-
embedding quality are evaluated on a direct down-stream per-
formance task such as the TALL-task which therefore makes
the quality of the embeddings dependent upon the usability
for a particular task. As no standardised down-stream perfor-
mance tasks exist, extrinsic evaluation tasks are not frequently
used to compare language embedding quality directly. In our
evaluation setup we both use intrinsic and extrinsic evaluation
methods, as intrinsic evaluation benchmark scores are gener-
ally faster to calculate and it is widely considered that extrinsic
and intrinsic evaluation benchmark scores are highly correlated.
Although recently questions have been raised whether this as-
sumption is indeed correct and not highly dependent upon
the actual task (Section 3.2.2). Now follows a more detailed
explanation of the different intrinsic evaluation categories.
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Human-based similarity tasks can be divided into categorization-
, Similarity- and analogy- based tasks that test different aspects
of the quality of word-embeddings relying on human-based
similarity measurements. Recently Bakarov (2018 provided
an overview of the speci c ways DSM can be evaluated. For
completeness, the purpose of these tasks is mentioned below
as these will be later used in our evaluation setup.

However, it should be mentioned that concerns regarding
intrinsic evaluation methods have recently been raised 87:8.
Speci cally, whether the evaluation of word-embeddings qual-
ity should not be shifted from intrinsic evaluation bench-
marks towards extrinsic evaluation benchmarks. As for most
use-cases the amount of training data is limited and word-
embeddings are mostly being used with minimal ne-tuning,
Jastrzebski et al. 017 argue that a quantitative measurement
is needed to indicate the ease in which knowledge can be
transferred to a particular task of interest (see Figure 3.4). In
addition, they argue that additional performance metrics are
required that indicate the ability of language embeddings to
perform well under tasks that require increasingly more non-
linear models which make the transfer of knowledge increasing
more dif cult.

Intrinsic Evaluation Methods

Categorization -based tasks include; BLESS, AP0, BAT-
TIG! and ESSLI.

In categorisation tasks, the objective is to evaluate the word-
embeddings quality regarding their ability to accurately cap-
ture the semantic groups they are located in. For example,
whether a variety of animals are clustered tightly together in
semantic space. One example of the inner workings of these
methods is now given.

BLESS consists o200concepts containing single-word nouns
with relationships to other words. These relationships include
COORD (hyponym), HYPER (hypernym), MERO (part of),
ATTRI (attribute of), EVENT (an event the concept is involved
in) or RAN (random pairing similarity score). The cosine sim-
ilarity scores between these word-pairs are calculated to test
to which extent these embeddings capture these relationships.
A high cosine-similarity is desirable for all word-pairs in the
different groups except RAN, which behaves like a control
group that should have low cosine similarity scores as this
group consists of xed random word-pairs.

Similarity -based tasks include; MEN3, MTurk 14, RG65!°,
RW16, SimLex!’, WS353 WS353R and WS353S!8.

These datasets rely on human heuristic judgments of the
actual semantic distances between words. Bakarov (2018 pro-
vide an overview of the advancements of the similarity-based
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Figure 3.4: Differences in performance obtained on
the SimLex intrinsic evaluation benchmark of NMT
(yellow), GloVe_ 300 (blue) and HPCA (green) lan-
guage embeddings under different percentages of
the training data. On the vertical axis is the per-
formance on the task as discussed in the work of
Jastrzebski et al. 017). In supervised-versions of
the benchmark (left) one can see that GloVe out-
performs the other language embeddings with in-
creased dataset sizes while in the unsupervised
version (right) this is not the case. This is used
as an argument for using a quantitative metric to
denote the ease of KT as an evaluation criterion
for language embeddings. Figure reproduced from
Jastrzebski et al. 017).
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datasets. In these datasets, for instance, the wordcup and mug
should be semantically similar which is indicated on a scale
between 0 and 1. A human assessor is given a set of pairs
and is asked to rate the degree of similarity, for example, the
aforementioned pair could have received a similarity score of
0.8. As such, these methods towards obtaining a similarity
score have been criticised for their subjective nature, but still
are the most popularly used intrinsic evaluation metrics. In
speci ¢, what de nes semanticsimilarity between words can
according to Gladkova and Drozd ( 2016 be based on up to 50
potential linguistic, psychological and social factors.

Analogy -based tasks include; Google!?, MSR2?, SemEvaP!.

In an analogy task, the objective is to test whether the ob-
tained semantic embeddings and the relationships between
words contain certain relations that allow for arithmetic opera-
tions. The most famous example of arithmetic operations come
from the Word 2Vec paper created by Mikolov et al. (2013) in
which the example is given vecto(”King”) vecto(” Man”) +
vecto"Womar') = vecto(” Queeri). The main criticism here
is that there is no precise evaluation metric on how to measure
this?2.

An example is the SemEval task in which the objective is
to determine the degree to which the semantic relationships
between word pairs (e.g. A:B, C:D) are similar to each other.
Humans were asked to rate the similarity between relationships
between two words-pairs. These scores were subsequently
used to test whether this similarity was also observed between
word-pairs in word-embeddings as a measurement for word-
embedding quality.

3.3 GraphSAGE

Hamilton et al. (2017 introduced a method called GraphSAGE
which stands for SAmple and aggreGatE, that relies upon in-
ductive representation learning on large graphs by learning
a function that generates embeddings by sampling and ag-
gregating features from a node's local neighbourhood. The
inductive nature of this method allows generalising to unseen
nodes or even complete graphs during testing, which is not
possible in a transductive approach. However, in order for an
inductive framework to work properly, both the node's local
and global role in the graph needs to be encoded. This is
a computationally challenging task and requires a variety of
sampling methods for speed-up 23.

In Figure 3.6 a global overview of the GraphSAGE method
is shown. First (1), only a sample of the edges is taken to rep-
resent the local neighbourhood (light red) of a particular node
of interest (dark red). Second (2), a chosen aggregator function
aggregates information for up to n hops away. In the shown
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Figure 3.5: An example of the method used by
Jurgens et al. 012 to construct the dataset for
the anology task; SemEval Based on the human-
obtained answers the extend to which the language
embeddings are consistent with these ndings are
used as a measurement for success.
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gure the aggregation of information across two hops is shown
which are both learned by a parameterised model (e.g. LSTM)
where each aggregator function at a distance n is learned sep-
arately but is shared across all nodes. Lastly (3), with this
aggregated feature representation both the reconstruction of
the local neighbourhood is attempted to be maximised which
can include an added node feature representation which in our
case are language embeddings. At step @) one can observe
that the obtained feature-representation (the label) of the node
should include information about the entire graph. It should
be noted that for the GraphSAGE algorithm edges do not have
a direction, and instead the arrows in Figure 3.6 refer to the
direction of the discussed operations in step (1) and (2).

The method of Hamilton et al. ( 2017 was validated on
feature-rich graphs including; citation graphs, Reddit and Pro-
tein to Protein Interaction (PPI), which contain a relatively high
amount of links per node (the average node degree) compared
to the average KBs. As a result, ConceptNet which is further
discussed in Section 5.2.1, is different in the sense that the
average node degree is signi cantly lower and arguably the
direction of the relationships are of importance. For example
the edge-relationship type "owned by" is non-symmetric. An
example of the difference between directional and undirec-
tional edges is shown in Figure 3.8 and 3.9 respectively. An
additional difference is that ConceptNet is signi cantly larger
than the aforementioned graphs.

The connectivity sparsity of ConceptNet could potentially
be offset by the fact that nodes can be given additional node
feature-representations in the GraphSAGE algorithm which
allows the possibility to add distributional word-embedding
node-feature representations. This could potentially uplift part
of the connection sparsity of ConceptNet as the feature-rich
word-embeddings allows relating all words ( nodes in Con-
ceptNet) in a 300-dimensional space. Also, Kipf and Welling
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Figure 3.6: lllustration of how the local neighbour-
hood of a node is sampled (1) after which the node
feature representation is aggregated (2) and an un-
supervised loss is applied in (3) that attempts to
reconstruct the local neighbourhood. Figure repro-
duced from Hamilton et al. ( 2017).



(2016 showed earlier that only a limited speed-up was ob-
served going from CPU to GPU for GC-based approaches,
possibly allowing large networks to be trained on CPU without
signi cantly increased training time.

Hamilton et al. (2017 extend GCNSs to the task of induc-
tive unsupervised graph learning and propose a framework
that generalises the GC approach to use trainable aggrega-
tion functions beyond simple convolutions. In Algorithm 1
one can observe the pseudo-code in which the embeddings
z are obtained for each node which represents a word in the
English vocabulary. Therefore this is considered the forward
propagation as it is not updating the parameters of the model
yet.

Algorithm 1 GraphSAGE embedding generation (i.e. forward
propagation) algorithm
Input : Graph G(V, E); input features f xy,8k 2 Vg; depth
K; weight matrices WX,8k 2 f 1,...,Kg; non-
linearity s; differentiable aggregators functions
AGGREGATE,, 8k 2 f 1,...,Kg; neighborhood
function N :v! 2V
Output :  Vector representations z, forall v2 V
1 hY  x,,8v2V
2. fork=1...Kdo
3 for v2V do
4 hKl(v) AGGREGATE(fh¥ 1,8u2 N (v)g)
5: h&  s(Wk CONCAT(h¥ % hK W)

6 hk  h&jinkjj,8v2V
7z, hk8v2v

A step-by-step explanation of the feed-forward algorithm is
given below with the line number indicated between brackets.
The input of the model is a graph G consisting of vertices V and
edgesE, together with a feature representation of x,8v 2 V.
First, at the start of the algorithm ( 1) the node feature repre-
sentations are taken as the original representation of v called
h. One can interpret k as the time-step or number of hops the
representation of node v is dependent on. At time-step 0, the
representation therefore only consists of the node-features and
no local neighbourhood information is incorporated yet. There-
after, for search depth K, the local neighbourhood of the node
of interest v is aggregated with increasing depths (4). This
is accomplished by for example taking the averageaggregator
function that takes the mean of the neighbourhood region.
Thereafter the initial and the current feature-representation
are concatenated and weighted by W that is different per k
after which a non-linearity function is applied ( 5). This can be
considered a skip-connection between the current and previ-
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Figure 3.7: A near linear increase in computa-
tional time is observed when the number of edges
increases with minimal difference between GPU
and CPU time. Figure reproduced from Kipf and
Welling (2018.

Figure 3.8: lllustration of a graph where all the
edges are of the same relation. From a model-
ing perspective, Hamilton et al. (2017 considers
all edge-types equal and without directionality.

Figure 3.9: lllustration of a graph where there are
different edge-relations of which the directionality
is important. Many graphs belong into this category,
including ConceptNet and ImageNet.



ous hop. Lastly, the feature representations of the nodes are
individually 12-normalised at each time step k (6) that at the
last time-step K results in the latent feature representation z,.

To guaranty that each mini-batch has the same memory
requirements to allow for faster training, the neighbourhood
function N was capped at a user-de ned parameter S. There-
fore the time complexity of this algorithm is  O(OK ; ), where
S denotes the maximum number of connections allowed at
search-depth i. Hamilton et al. (2017 empirically found that
the parameter-settings K = 2and S; S, 500performed best
for the datasets that were used.

331 Training

An unsupervised loss-function was used that enforces closely
connected nodes to have similar representations while dis-
parate nodes have highly distinct representations. For this,
the output representations of the nodes obtained at the end
of Algorithm 1 was used with trainable parameters WK. For
positive examples, a random node v is sampled in the neigh-
bourhood of n edges apart of v while for the negative examples
Q examples are sampled from a distribution called P, which
is the negation of the previous set,

(zu) = log(s(zjzv)) Q JEo log(s( z{zv,)) (37)
As the latent node representations z have been 2 normalised,
the dot product between either similar (v within the neighbour-
hood) nodes or dissimilar nodes (v outside neighbourhood) are
1 and -1 under ideal circumstances respectively. The sigmoid
function after that normalises these values between 0 and 1
after which a log is applied for numerical stability.

332 Aggregators

GraphSAGE provides four different aggregator functions, GC,
mean, LSTM, pool, which all obtain relatively similar perfor-
mance on their datasets?*. The differences in running time of
these aggregators can be seen in Figure3.10.

Mean Aggregator The mean aggregator function is for-
malised as;

hk s(W MEAN(fhX g[f hK 1,8u2N (v)g)) (398

As a result, the pseudocode on line 5 in Algorithm 1 is altered
and instead of applying the concatenation of node averages,
the node feature representations are averaged.

LSTM Aggregator The LSTM network architecture can ex-
press more information than the mean aggregator function
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2*Hamilton et al. (2017

Figure 3.10. An overview of the training- and

testing-time of the different aggregator functions.
DW stand for DeepWalk which is one of the bench-
mark methods used by Hamilton et al. for com-
parison. Figure reproduced from Hamilton et al.
(2017).



potentially can. However, due to the sequential nature of
LSTM's which are not in accordance with the unordered neigh-
bourhood, Hamilton et al. adapt LSTMs to work on a random
permutation of the node's neighbourhood.

Pooling Aggregator This symmetric and trainable aggre-
gator function feeds each neighbour's vector independently
through a fully connected neural network after which an
element-wise max-pooling operation is applied to aggregate
the information.

AGGREGATE®® = max(s(W poohl + b),8U; 2 N (v) (3.9)

For more details on their code implementation of the afore-
mentioned aggregator functions we defer to their working
implementation on github.

333 Sampling

As the distribution of edges per node is highly skewed, Hamil-
ton et al. sample only some edges for each node before feeding
them into the GraphSAGE algorithm. In particular, a maxi-
mum degree of 128 per edge was sampled pre-training while
sampling only 25 neighbours of those during training. The
downsampling of edges allows the storage of the node neigh-
bourhood information as dense adjacency lists pre-training,
which drastically improves computational ef ciency during
training as minimal lookup time is required during training.

3.4  Zero-shot Learning

In our introduction, we hypothesised that a high zero-shot
performance was bene cial for the task of event-localisation
given natural language text. In the upcoming section, we
formalise zero-shot learning and end with recommendations of
Xian et al. (2017 towards better zero-shot evaluation practices.

In zero-shot learning the objective is to learn a classi er
f : X! Y that can predict unseen classes inY that were not in
the training set. Formally this means that given a training set
S=(Xmyn),n=1...Nandy, 2 Y"a" the aimis to learn a
function f : X 'Y by minimizing a loss-function:

L (yn, f(xn; W)) + 1 (W)
where | () being a regularization term and
f(x; W) = argmax,y F(x,y; W)

is maximizing the likelihood of y given the model parameters
W. What is different from a typical machine learning setting

is that during testing unseen classes are given to the model
yn 2 Y testyith Ytest\ ytrain = 9 and the aim is to still correctly
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predict the y label for the test-set. Zero-shot learning settings
are especially important in cases that (1) Y can take many
values and (2) the cost of obtaining labeled examples is high2®.
The cross-modality learning between language and vision for
the localisation of events falls under these criteria due to ( 1) the
language domain contains many words with many complex
relationships between them while ( 2) temporally annotated
datasets are rare due to the high labeling cost?®. Therefore
these two factors make event-localisation given natural lan-
guage text to a large extend a zero-shot learning problem.

Despite the increased popularity of zero-shot learning, a
comparison between zero-shot methods remains dif cult due
to the absence of uni ed bench-marking methods 2. In spe-
ci ¢, most methods use their own test and training set split
on popular zero-shot evaluation datasets which make direct
comparisons dif cult. Moreover, zero-shot methods that rely
upon pre-trained visual representations frequently violate the
ytest\y train = 9 constraint as they contain classes in the train
set that are either close or exactly equal to the classes in the test-
set. By replicating the work of recent zero-shot methods with
test-set splits of popular evaluation benchmarks that do not
contain training set classes, Xian et al. show that some methods
achieve signi cant performance losses while others even bene-
t from the proposed split further stressing the importance of a
proper training and test-set split. This demonstrates that extra
care is needed towards constructing training and test-set splits
especially when pre-trained visual representations are used on
a different task. This also becomes important in Section 4.3
where we create our own general zero-shot dataset based on
ImageNet.

Arguably, most zero-shot evaluation methods focus on nar-
row zero-shot performance by focusing on images within a
narrow domain and only a few image classes 28 instead of fo-
cusing on large-scale zero-shot performance that is presumably
bene cial for the TALL-task. Rohrbach et al. ( 2011) provide a
rst in-depth study towards knowledge transfer and zero-shot
learning in a large-scale setting by focusing on the ImageNet
dataset as a method to obtain a wide-scale zero-shot perfor-
mance score. For the representation of language, the synset
de nitions originating from WordNet were used for attribute
mining to combine the vision and language modality and use
these attributes to generalise even to unseen classes. To cir-
cumvent the sparsity that occurs when only directly matching
overlapping attributes between textual descriptions, instead the
semantic relatednesetween the mined attributes was calculated
to improve relating the different attributes and therefore tex-
tual descriptions to each other. Rohrbach et al. (201]) state that
it remains questionable whether the performance that is ob-
tained using algorithms operating within narrow domains also
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scale to larger number of classes and training data. Rohrbach
et al. conclude with showing that by exploiting the hierarchy
of the WordNet hierarchy for obtaining semantic relatedness
between classes, zero-shot classi cation performance improved
when compared to attribute mining using a direct similarity
approach. In our approach the hierarchy of ConceptNet is
used in the hope of observing a similar result.

341 Zero-Shot Evaluation Metrics

For the evaluation of zero-shot performance, recently Xian et al.
(2017 propose to use the per-class averaged topd accuracy if
the dataset is not well balanced with respect to the number
of images per class and argue that demonstrating zero-shot
performance on small or coarse-grained datasets are not rec-
ommended. Instead, they recommend to abstract away from
the restricted nature of zero-shot evaluation and make the task
more practical by also including training classes in the search
space, which make it equal to a GZSL task-setting. In addition,
Xian et al. (2017 recommend using multiple test-set splits to
decrease the amount of variance.

For GZSL it is common practice to compute the harmonic
mean of training and test-set accuracies,

H=2 (aceur acGts)/ (acGw + acgs) (3.10

In comparison to harmonic mean, the arithmetic mean is more
affected by high training set accuracies and is therefore not
recommended as the test-set accuracies tend to be considerably
lower. As a result in our work we include training classes in
our evaluation benchmark as discussed in Section 5.1.3. Instead
of reporting the harmonic mean, however, we report both the
train and test-set accuracies and leave further calculations to
the reader.
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4 Methods

Whereas in the Background Section (2) a general overview was
provided of the literature that helped shape our view upon the
problem of event-localisation in videos and in Related Work
the GraphSAGE and TALL model architecture was outlined as
they are essential to the work presented here, in this section we
provide a general overview of the methodology used in this
work.

We start with giving a formal problem-statement of the
TALL-task (4.1), after which we provide an outline of our
approach (4.2). Thereafter we go in-depth to each of our in-
dividual experiments by starting off with their relation to the
research questions as formulated in the Introduction ( 1.4) after
which we provide a more detailed overview of the methods.
The same structure is adhered to in the following Experimen-
tal Setup Section ©) in which the implementation details are
discussed.

41 Problem Formulation

Given a video V, consisting of T frames ftT:l and temporal
sentence annotations A = fsj,t J-S,t jegj"ﬂl with M sentences
where superscript s and e denote the start and ending time
of the event described in text s, the objective is to predict
the temporal boundaries (t%,t°) of a particular event s; of a
given V. The models' input are corresponding sentence and
video pairs and the output are the temporal boundaries that
correspond to the event the sentence refers to. For our purpose
the feature representation of vision and language are xed.

This is a similar task description as rst described in Gao
et al. (2017 which called this the TALL-task. Gao et al. mainly
focus on obtaining an appropriate model design that allows for
learning a cross-modal embedding space E in which language
T and vision V can be matched, here we solely attempt to
improve the language representation T inline with our hy-
pothesis to enhance the alignment between the two modalities
such that even accurate matching can take place for zero-shot
use-cases.

4.2 Overview of Experiments

In this work, an attempt is made to improve upon the repre-
sentation of language speci cally for the TALL down-stream
performance task in which natural language text is used. As
argued, embeddings for this particular task should hypotheti-
cally be (1) more prominently centred around the functional
roles objects take part in while also emphasising on relations
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that have clear visual correspondences, while (2) also allowing
for the transfer of knowledge between the linguistic and visual
domain. As argued this makes it close to a general zero-shot
task-setting in which high performance on both the train and
test-set vocabulary is essential.

To incorporate (1) and take into considerations (2), the rela-
tional knowledge available in KBs were combined with distri-
butional semantic approaches. As knowledge bases are incom-
plete and are frequently having only a few relationships per
entity, learning embeddings solely from relational knowledge
was assumed to be too sparse. Our approach is built upon
two realisations. First, nodes in ConceptNet are represented
by conceptsvhich can be seen as a link to their distributional
embedding word-representation allowing nodes to be enriched
with these embeddings. Second, recently unsupervised GCNs
have been proposed to create individual node-representations
by aggregating the local neighbourhood information into a low
dimensional space similar to DSM. Speci cally GraphSAGE 1,
an inductive framework that leverages node feature informa-
tion and local neighbourhoods to obtain node embeddings
for large knowledge graphs, was considered useful for this
particular task.

The hypothetically more structured embeddings trained
with GCNs on a KB could improve the GZSL task performance
as it would allow to more systematically transfer knowledge
from the known visual-language correspondences during train-
ing to unseen visual and linguistic examples during testing. In
Figure 4.1 an example is given of the potential of this approach
using an actual sub-graph available in ConceptNet. The yel-
low w indicates that for this particular concept in ConceptNet
a corresponding DSM word-embedding representation was
found in the vocabulary. This feature node-representation was
therefore added to the graph to partially neglect the sparsity
of the relationships in ConceptNet. The blue v indicates that
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Inductive representation learning on large graphs.
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Figure 4.1: An example of how GraphSAGE can be
applied upon ConceptNet. W in yellow represents
word-embeddings, V represents a visual represen-
tation. In red are the verbs and in green are the
adjectives. Arrows indicate either undirected ( e.g.
related_t9 or directed edges (used_foy. This gure il-
lustrates that for some concepts there are visual and
textual correspondences whereas for others there
is not. This possibly allows to relate unrelated to
related concepts, ideal for zero-shot use-cases.



a matching visual image-feature was found for the particular
concept of interest which consequently forms a text-visual cor-
respondence that is used to obtain a cross-modal embedding
space only after the language embeddings are obtained using
GraphSAGE.

During the training of GraphSAGE not all concepts had a
matching language representation, while during the training of
the cross-modal embedding space not all nodes contained vi-
sual correspondences. The structure of the graph can therefore
help here in two distinct ways. First, an accurate language rep-
resentation for concepts without language-representation can
still be obtained using GraphSAGE by aggregating information
from the local neighbourhood. Second, the more structured
language embeddings that were expected to be obtained us-
ing this approach could hypothetically be used to better align
vision and text even for ZSL use cases. For example, only
knowing which relationships a concept has can already tell a
lot about its functionality, which is frequently visually re ected
by its shape or form.

The relationships in ConceptNet and the frequency thereof
are shown in Figure 4.2. Here one can observe that a signi cant
part of relations is related to hypernyms and hyponyms (isa,
partof, formof), synonyms and antonyms, or functional roles
(e.g. usedfor, atlocation, hassubevent, capableof, hasproperty).
These relations could be important for the creation of language
embeddings speci cally for the task of event-localisation as
they are centred around function with often clear visual corre-
spondences. Knowledge transfer can also be enhanced by for
example knowing that a Chihuahuadog is a more ne-grained
example of the classdog Given that visual-linguistic correspon-
dences are known for the class dog in, for example, ImageNet
could be exploited by requiring that their representations must
be close to each other in semantic space.

Our approach can be subdivided in three experiments. The
rst experiment is designed to test to which extend popular
language embeddings are already suited to be used to train
a cross-modal embedding space in which seen and unseen
language and visual correspondences can be matched during
test-time in a GZSL-setting. For this, a new zero-shot dataset is
created that exploits the ImageNet hierarchy to enforce that the
synsets in the train and test-set are suf ciently distinct while
also bene ting from the wide variety of objects and number
of image-examples available in ImageNet. The textual descrip-
tions of the synset (.e.gdog are subsequently matched with the
vocabulary of the language embeddings after which a model
is trained that projects the visual-representation close to their
respective language-representation. The obtained cross-modal
embedding space is subsequently used to evaluate the model's
ability to give higher similarity scores to matching visual and
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text correspondences. The model's ability to rank the similar-
ity of corresponding visual and textual representations higher
than non-corresponding ones is used as a measurement for
zero-shot performance. This zero-shot performance metric is
then later compared to the downstream performance task in
Experiment Ill in order to determine whether there is a positive
correlation between the two (RQ 3).

In the second experiment, embeddings are trained specif-
ically with our hypothesis in mind that embeddings trained
with an emphasis on zero-shot use-cases and visually grounded
relationships perform better in the TALL-task. For this, Con-
ceptNet is adapted to t the input-structure of GraphSAGE
and language-embeddings are added to each concept which
requires a similar matching method as was used in Experi-
ment |. Heuristics are used to even obtain language represen-
tation for words that do not occur in the vocabulary of the
distributional word-embeddings, resulting in each concept in
ConceptNet having a corresponding DSM word-embedding
representation. Experiment one is then repeated for the lan-
guage embedding obtained using GraphSAGE to compare
the zero-shot performance of these embeddings with others
and later with the results obtained in Experiment Ill. The
hyper-parameters of Graph-SAGE are ne-tuned on intrinsic
evaluation benchmarks as it is widely accepted that intrinsic
evaluation benchmark performance is a decent indicator of
extrinsic evaluation benchmark performance. The main bene t
of this approach is the signi cantly faster evaluation time of
intrinsic evaluation benchmarks. The performance on the ac-
tual extrinsic evaluation task, the TALL-task, is calculated in
Experiment Ill.

The third experiment is used to compare the performance
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Figure 4.2: Frequency of edge-relationships in Con-
ceptNet. Based on the nal selection of concepts
from ConceptNet.



of the language representations in the actual downstream per-
formance task using the model architecture and dataset intro-
duced by Gao et al. (2017. Experiment one and three can then
be used to validate our hypothesis that higher zero-shot is ex-
pected to result in better performance in the TALL-task. As the
former model architecture takes in language representations on
the sentence-level rather than the word-level, different methods
are compared to go from word- to sentence-representations.
Lastly, to test the extent the approach of Gao et al. (2017 ac-
tually relies on an accurate representation of language, the
vocabulary of the training set is one-hot encoded after which
a sentence embedding is created out of the average of a sen-
tence's word-representations. As Gao et al. (2017 introduced
the TALL-task to distance itself from the one-hot encoding
of only a select number of event-classes, this was deemed
necessary to validate whether their used model and evalua-
tion benchmark actually required a richer representation of
language that goes beyond direct vocabulary/class matching.
In the Background Section (2) we have provided an overview
of literature that showed that datasets within the video domain
are still signi cantly smaller and less diverse than for example
ImageNet. In addition, working within the video domain
increases the computational cost and dif culty of nding an
appropriate visual representation. To partially circumvent
these issues and focus on the main objective here which is
to obtain an improved representation of language for event-
localisation, Experiment | was conducted in the image domain.
This allowed for quicker experimentation while working with
larger and more diverse datasets, which we expected to better
correspond to the general nature of events in the TALL-task.

43 | - Zero-shot Cross-Modal Embedding
Space Evaluation

431 Objective & Relations to Research Questions

In the introduction, we hypothesised (H 1, Section 1.5) that
more structured language embeddings were bene cial for bet-
ter performance in the TALL-task due to improved zero-shot
performance in the cross-modal embedding space for unseen
visual-linguistic correspondences. To examine to which extend
the currently popular semantic word embeddings could be
aligned with visual representations for even unseen classes,
this experiment was conducted that focused on the zero-shot
capabilities of the different language embeddings when being
matched with their visual counterpart (e.g. a textual and visual
feature representation of a "dog"). The result of this experiment
is a zero-shot evaluation dataset that allows us to obtain a quan-
titative measure to which extent language embeddings can be
matched with visual features for seen and unseen classes.
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In RQ1 we pose the question whether the combination of
both distributional and relational knowledge is bene cial for
aligning both modalities and therefore results in higher zero-
shot performance. As in Experiment Il we obtain our own
language embeddings using both distributional and relational
knowledge similarly to Numberbatch, this allows us to com-
pare whether the addition of relational knowledge is bene cial
for improved zero-shot performance. In RQ 3 we compare the
guantitative zero-shot evaluation metric obtained in this ex-
periment, Experiment I, with the actual performance on the
TALL-task obtained in Experiment Ill. The difference between
Experiment | and Experiment Il is that in the former we test
our hypothesis that adding relation knowledge improves zero-
shot performance whereas in the latter we actually test whether
this leads to the hypothesised improvements on the TALL-task.

4.3.2 Methods Overview

To evaluate the zero-shot performance of a variety of language
embeddings when being matched with visual cues, it is bene-
ciary to create a dataset in which similar classes in the train
and test-set are ruled out to further stress the importance of
broad rather than narrow zero-shot performance. This is in
accordance with the wide variety of events in the down-stream
performance task; TALL. ImageNet, a hierarchical database,
allows for this due to the WordNet structure that expresses
the object-classes in a parent-child hierarchy. Consequently,
this information can be used to ensure that children of parent
classes are excluded in the test-set as they tend to have a high
visual-similarity with the parent class which makes it an easier
challenge. In addition, in comparison to most data sets within
the video domain, ImageNet is considerably more diverse and
contains a general set of objects/entities2. Xian et al. (2017 2 Abu-El-Haija et al. (2016
recently released speci ¢ zero-shot splits of ImageNet using a
similar approach as proposed here. As the splits were unre-
leased during the creation of our test-set, we have proposed
three test-set splits of our own named; narrow, internal, random
It should be noted, however, that ImageNet only contains low-
level events such as objects and lack any mid- to high-level
events such as shooting a ball or playing football. Arguably,
mid- and high-level events can be best captured within the
video- rather than image-domain, as they frequently require
complex motion patterns to be captured. This is left for future
work.

For these datasets, visual features were extracted using the
pre-trained Inception-V 1 architecture after which a network
was trained that projected these features as close as possible
to the linguistic representation of the synset. Each synset
in ImageNet has a Unique Identi er (UID) which has a cor-
responding textual description that describes the synset in
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words. These descriptions can be used to match them with
the vocabulary of word-embedding methods in order to obtain
a feature-representation of the synset in language. With the
feature-representations of images extracted from a pre-trained
CNN in a synset and corresponding word-representation in
place, we use this to train a cross-modal embedding space in
which both the visual and textual representations need to be
close. This is used as a simpli ed version of the cross-modal
embedding space needed to perform the TALL-task in Exper-
iment 11l ( 4.5). The bene ts of conducting this experiment is
that the zero-shot performance is tested in isolation of the inter-
actions with other components (e.g. temporal localisation) and
faster training and evaluation times are obtained by working
within the domain of images when compared to the TALL-task.

For each word-embedding that was selected, Glove(glove8
40B 300d.txt), Word2Vec (GoogleNews vectors negative300),
LexVec(lexvec commoncrawl 300d W-pos vectors), Number-
batch(numerbatch en 17.06) and in later experiments also the
language embedding obtained by us, a projection-network is
trained separately that projects the visual features into the
domain of the language embeddings. The decision was made
not project both modalities into a new space or project the
language features into the visual domain for model simplicity
and the fact that our visual features are of higher dimension-
ality (1024compared to 300) respectively. The unseen classes
from the test-set are then projected in a similar fashion. The
word-embeddings were selected by popularity and intrinsic
evaluation scores (see Table6.2). Within the cross-modal em-
bedding space, the similarity between each visual-synset (all
feature representations of the images in a particular synset)
is calculated to all the language representations of all synsets.
Ordered on their similarity, this results in a ranking score in
which ideally the projected visual representation VJ-0 and corre-
sponding textual representation T; has the highest similarity
of all word-embeddings T. The mean Average Precision (mAP)
metric is used as an indication of the cross-modal embedding
space to even generalise to unseen classes. To be in line with
the harmonic mean performance metric which is commonly
used in GZSL-tasks, both the performance on seen and unseen
classes are reported.

For zero-shot purposes, having internal nodes in the training-
set of which the children are in the test-set could lead to an
over-estimation of performance as these children tend to be
generally close to the parent node. An example is demon-
strated in Figure 4.3 where one can observe that there is a
signi cant overlap between visual features between synset
children-classes. The result is that these synsets have similar
feature representations through the considerable overlap in the
model's input-space, the images, which arguably makes it less
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of a zero-shot performance task. Therefore an extra effort was
made to select synsets for the test-sets speci cally with respect
to their relative position to the synsets in the training set using
the ImageNet synset-hierarchy.

44 |l - GraphSAGE-ConceptNet Embeddin

441  Objective & Relations to Research Questions

In this experiment, GraphSAGE is applied on ConceptNet
with additional DSM node feature embeddings to obtain word-
embeddings that combine relational knowledge with distribu-
tional word semantics. It was expected that the structure of
ConceptNet could be used to enhance zero-shot performance
by allowing knowledge to be transferred from correspond-
ing vision-language pairs during training to unseen examples.
In addition, the many relationships in ConceptNet centred
around objects, and the role they play in relation to other con-
cepts was expected to result into embeddings that could be
better aligned with visual representations. However, these
assumptions need testing. First, whether our approach indeed

leads to language embeddings that contain these properties.

In Experiment | we test whether our language embeddings in-
deed improve zero-shot performance when matching linguistic
with visual features. Second, testing is required whether these
properties actually lead to the hypothesised improved results
for the TALL-task. As previously mentioned, this is tested in
Experiment lll. Therefore Experiment Il is used to incorporate
our hypothesis into a potential solution which further tested
in Experiment | and Experiment Il to answer RQ 1 and RQ2.

442 Methods Overview

To create our own language embeddings using GraphSAGE
on ConceptNet with node-embeddings features, a couple of
challenges had to be faced.

First, GraphSAGE was successfully applied to datasets in
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Figure 4.3: A visual example of how the synsets
inJmageNet share visual correspondences between

re speci ¢ examples in the ImageNet-hierarchy.
The arrows indicate is_arelationships with the more
general parent class being on the left-side. Figure
reproduced from Deng et al. ( 2009.
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