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Abstract

Arti�cial intelligence has long sought to develop agents capable of perceiving the complex

visual environment around us and communicating about it using natural language. In recent

years, signi�cant strides have been made towards this objective, particularly in the �eld of

image content description. For instance, current arti�cial systems are able to classify images of

a single object with a high level of accuracy that is sometimes comparable to that of humans.

Although there has been remarkable progress in recognising objects, there has been less

headway in action recognition due to a signi�cant limitation in the current approach. Most of

the advances in visual recognition rely on classifying images into distinct and non-overlapping

categories. While this approach may work well in many contexts, it is inadequate for under-

standing actions. It constrains the categorisation of an action to a single interpretation, thereby

preventing an agent from proposing multiple possible interpretations.

To tackle this fundamental limitation, this thesis proposes a framework that seeks to de-

scribe action-depicting images using multiple verbs, and expands the vocabulary used to de-

scribe such images beyond the limitations of the training dataset. In particular, the framework

leverages lexical embeddings as a supplementary tool to go beyond the verbs that are supplied

as explicit labels for images in datasets used for supervised training of action classi�ers. More

speci�cally, these embeddings are used for representing the target labels (i.e., verbs). By ex-

ploiting a richer representations of human actions, this framework has the potential to improve

the capability of arti�cial agents to accurately recognise and describe human actions in images.

In this thesis, we focus on the representation of input images and target labels. We examine

various components for both elements, ranging from commonly used off-the-shelf options to

custom-designed ones tailored to the task at hand. By carefully selecting and evaluating these

components, we aim not only to improve the accuracy and effectiveness of the proposed frame-

work but also to gain deeper insight into the potential of distributed lexical representations for

action prediction in images.
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Chapter 1

Introduction

1.1 Overview

Context. The �eld of computer vision has experienced signi�cant advances in recent years,

with remarkable improvements in various benchmark tasks. For example, the top1 accuracy

on the ImageNet classi�cation task has increased from54:3% (Sánchez and Perronnin, 2011)

to 88:5% (Zhang et al., 2023). Additionally, the box average precision (box AP) score on the

MSCOCO object detection task has also risen from19:7% (Girshick, 2015) to60:9% (Chen

et al., 2023).

Despite this rapid progress, it is evident that signi�cant challenges still persist, especially

in more abstract tasks that involve understanding social constructs and context. One such chal-

lenging task is the ability to describe actions in images from various perspectives without being

limited by a small set of verbs. Verbs are naturally more abstract, making them harder to learn

even for humans, which is why children acquire them later in their development (Hirsh-Pasek

and Golinkoff, 2010). Furthermore, verbs are processed in different regions in the brain due to

their abstraction level, suggesting that they require a different processing mechanism (Moseley

and Pulverm̈uller, 2014).

Problem statement. Most studies in computer vision assume that each image action can be

grounded to one particular verb. However, this thesis argues that assigning one verb to an

action-depicting image is insuf�cient. The meaning of an image action is multifaceted and

although one verb might be suf�cient for describing the meaning of one aspect, it cannot do so

for all aspects. Figure 1.1 illustrates that even with a simple action, one verb is not enough to

capture all its aspects.

There are at least three situations where multiple verbs are required for describing a single

1
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action in the image. First, actions can possess multiple layers of signi�cance, with one layer

focusing on the practical mechanics of executing the action, and the other emphasising the mo-

tive or intention behind it. As an example, consider a hiker in a mountain range. The action

of hiking refers to the physical aspect, while the underlying purpose is toexplorenature. To

fully capture both the physical aspect and the purpose of the action, different verbs may be

necessary. However, when describing the purposive aspect of the action it is vital to compre-

hend the context in which the action takes place. For instance, the act of holding a sword can

have different connotations; it could mean tobattle, to kill , to execute, or even todanceand

celebrate.

The second situation is when describing multiple actions carried out by the same agent.

People can perform different, yet highly correlated, actions simultaneously (e.g., standing while

talking, and sitting while reading). One might say this can also be formulated as one action

specifying the physical state of the agent (e.g.,sitting) while doing the other action (e.g.,read-

ing). The third situation is when the choice of action description depends on the type of the

target audience. If the target audience prefers a description in formal language, the system in

this case should output converse instead of chat. The same goes for those educated in a speci�c

�eld (e.g., using the verbmacerateor should be appreciated by people who are into cooking

but not by others).

Our observations suggest that relying exclusively on supervised methods that use visual data

is insuf�cient for effectively addressing the task. This is because interpreting image actions is

a complex process that requires more information than that provided by the images used for

training. To address the verb prediction task effectively, prior social and common knowledge

is required.

Additionally, using conventional supervised techniques to approach this problem leads to

an uncontrollable increase in the number of classes. For example, a simple classi�er for an

action likehold would not suf�ce; rather, the model would have to distinguish between various

actions like “hold sword to �ght” and “hold sword to dance” considering them as separate

classes. As a result, gathering and annotating adequate training images for an extensive set of

verb combinations is practically unfeasible.

Proposed solution. To address these challenges, we propose the use of lexical embeddings to

improve the capability of systems automatically generating descriptions of actions in images.

These embeddings act as a means to exploit knowledge present in the textual modality. The

main objectives of this thesis are to assess the effectiveness of incorporating these embeddings

and evaluate the feasibility of this solution. Our hypothesis is that a blended approach, combin-

ing both visual perception and knowledge extracted from text, will offer advantages over those
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Figure 1.1: This example1 shows the impracticality of describing (labelling) the action in the
image with a single label, as the following verbs can be equally accurately used to describe the
action:write, learn, practise, sit, andhold.

that rely solely on visual perception.

Speci�cally, our thesis proposes a framework that should generate more detailed and precise

descriptions of actions by leveraging both visual cues and a wider range of verb labels. In

this thesis, the framework is designed to generate a single label for each image; however, the

framework is intentionally designed to be capable of generating multiple labels for each image.

Scope. The primary focus of this thesis is on human actions as they possess multi-layered

signi�cances. Studying human actions presents an excellent opportunity to examine the extent

to which images require the linking of multiple verbs. The scope of this thesis is limited to

images displaying a central or primary action performed by an individual or a group. Hence,

the aim of this thesis is not to recognise multiple distinct actions within a single image.

This thesis focuses on analysing static images despite their limitations for action prediction

compared to videos. Actions involving motion, such as rubbing, are harder to predict using

images. However, this choice is justi�ed by the technical complexities and extensive compu-

tational resources required for video processing—a hurdle that proved dif�cult to overcome

during the initial stages of this research. Additionally, the scarcity of video datasets annotated

with verbs added an additional barrier for working on videos.

1Image source:https://media.defense.gov/2008/Apr/10/2000634626/-1/-1/0/
080405-F-9433M-087.JPG
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1.2 Challenges in Utilising Distributed Lexical Representa-

tions

Leveraging distributed representations for verb prediction offers exciting possibilities, but it

also presents several challenges that require thoughtful attention. One critical challenge is

selecting a representative subset of verbs for model training. This entails exploring various

strategies for identifying the appropriate set of training verbs and understanding how their

characteristics may in�uence the model's generalisation ability. In addition to selecting the

essential verbs for model training, it is equally crucial to identify verbs that can be predicted

with a reasonable accuracy without prior training. These unsupervised verbs, which are not

included in the training dataset, can bene�t from the model's generalisation capacity during

testing. Therefore, careful selection of such unsupervised verbs is crucial to harness the full

penitential of our proposal.

Another challenge is the positioning of verbs in the lexical space. The lexical embedding

space is not speci�cally designed for verbs or image-based tasks, making accurate navigation

and similarity measurement between verbs dif�cult. A signi�cant issue is that verb embeddings

tend to be more proximal to one another than to other word embeddings, leading to potential

confusion and imprecise distinctions.

Finally, the limited descriptive power of the training text presents a challenge. Although the

lexical embeddings under investigation are trained on a vast amount of text, much of it derives

from genres that are not well-suited to depicting visual content, such as Wikipedia and news

articles. This limitation implies that the model may not possess adequate descriptive power to

predict verbs accurately.

1.3 Research Questions and Thesis Contribution

This thesis aims to investigate the effectiveness of distributed lexical embeddings for predicting

verbs that comprehensively describe actions in images, with a focus on challenging verbs that

are dif�cult to learn using supervised methods. To achieve this objective, the following research

questions will be addressed:

• To what extent can distributed lexical embeddings capture the essential information re-

quired to describe actions, especially for abstract verbs that lack direct or concrete visual

cues?

• How does the use of distributed lexical embeddings improve the generalisation of verb
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prediction models to unobserved verbs?

In addressing these questions, the thesis makes the following contributions:

(i) It introduces the I2A framework as a tool for describing various perspectives on actions

within images. Previous research has incorporated distributed representations for pre-

dicting image content, but this approach has not been applied to the task of describing

different interpretations of image actions. Additionally, to our best knowledge, no re-

search has investigated modifying the framework components to optimise them for this

purpose.

(ii) It investigates the performance of verb prediction using off-the-shelf verb embeddings in

both supervised and zero-shot settings. A variety of zero-shot experiments are conducted

to identify which verbs are more suitable for training and which are more appropriate for

testing purposes.

(iii) It examines how varying verb embeddings impacts the task of predicting verbs, with the

goal of gaining a deeper understanding of the speci�c characteristics of embeddings that

in�uence verb prediction.

(iv) It explores how different image representations affect the task of predicting verbs. The

goal is to gain a deeper understanding of which input features are crucial for accurate

verb prediction and to assess the upper-bound performance by incorporating an oracle

in the input feature extraction process. This upper-bound re-evaluation is intended to

determine if the framework's performance could be further enhanced, especially in the

zero-shot setting, by using more advanced image feature extraction techniques.

1.4 Thesis Outline

This thesis presents an approach for addressing the verb prediction task that is capable of gen-

erating multiple verbs for the purpose of describing an action depicted in an image, without

the need for training each individual verb in a supervised fashion. This introductory chapter

has provided an overview of the motivations and challenges that the work in this thesis aims to

address. The rest of the thesis is structured as follows:

Chapter 2 provides an overview of theories and studies from various disciplines that demon-

strate the importance of describing actions from different perspectives. This chapter also
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reviews various tasks that involve the direct or indirect prediction of verbs. Addition-

ally, it reviews different methods for representing target labels as lexical embeddings and

presents the primary methods for addressing zero-shot learning.

Chapter 3 provides a formal de�nition of the task, introduces the proposed I2A framework,

and discusses its main components. It also introduces the dataset used in this thesis.

Chapter 4 presents initial experiments with the I2A framework using its default components.

Section 4.1evaluates the feasibility of the framework through experiments in a super-

vised setting, comparing its performance to established baselines.Section 4.2investi-

gates the performance of the framework in the zero-shot setting, showcasing its use of

distributed lexical embeddings, and evaluating its performance under different condi-

tions.

Chapter 5 introduces techniques for enhancing the representation of target embeddings, mak-

ing them particularly suitable for the verb prediction task.

Chapter 6 presents various experiments to assess the effect of varying the input representation.

Section 6.1evaluates the characteristics of effective visual feature extractors through ex-

periments with multiple extractors.Section 6.2introduces a second approach for repre-

senting input images by encoding semantic concepts depicted in the images. This section

also conducts an extensive investigation of the original annotation of image content in

the imSitu dataset.

Chapter 7 summaries the research conducted in the previous chapters and explores potential

future research directions that can build upon the �ndings and contributions of this work.



Chapter 2

Literature Review

With this literature review, we aim to provide a comprehensive overview of the theories, ap-

proaches, and techniques that inform our understanding of the multifaceted nature of actions

and their application in the verb prediction task.

Verbs play a central role in describing actions in images, as they capture the essence of an

action or event. However, the interpretation of verbs can be complex and multifaceted, shaped

by the context in which they are used, and cultural factors. To fully grasp the rich and nuanced

meanings of actions, Section 2.1 will provide theoretical justi�cations for our verb prediction

approach and introduce the theories and perspectives from multiple disciplines that support

the claim that actions can have multifaceted interpretations. Section 2.2 will examine various

approaches that have been developed for action-related tasks, which also represent verbs as

targets or parts of the targets.

Representing verbs as targets is a challenging task that requires taking into account their

complex and nuanced meanings. Section 2.3 will review different approaches for representing

verbs as targets, focusing mainly on distributed-based representation, where the meaning of

the verbs is expressed through multiple variables. This section will also explore how these

approaches can be utilised to capture the various interpretations of actions.

Finally, Section 2.4, will provide an overview of the zero-shot learning setup and discuss

its main techniques. Zero-shot learning aims to predict targets of classes that have not been

encountered during training. The section will discuss how this setup can be utilised to extend

action interpretations to the ones the are not supported in existing action datasets.

With this preamble, we aim to provide a comprehensive overview of the theories, ap-

proaches, and techniques that inform our understanding of the multifaceted nature of actions

and how this can be applied in the verb prediction task.

7
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2.1 Understanding Actions in Images

This section aims to justify the need to label actions in images with more than one verb, draw-

ing on supporting evidence from various scienti�c disciplines such as linguistics, philosophy,

psychology, etc. The section does not intend to provide an exhaustive overview of this complex

topic, but rather provides a justi�cation for the argument that using one verb as an action label

may not be suf�cient.

2.1.1 Action Identi�cation

Vallacher and Wegner (1987) discuss how people identify their own actions and the factors

that impact action identi�cation, a theory known asaction identi�cation theory. They sug-

gest that people can recognise and view an action either with a low-level identity, specifying

how the action is performed, or a high-level identity, signifying why or with what effect the

action is performed. They point out that identity is a relative concept (e.g., “taking a test” is

high level compared to “answering questions” but also low level compared to “showing one's

knowledge”). They also state that people tend to choose the identity that provides the most

comprehensive understanding of what they are doing, indicating a preference for higher-level

identity.

Mange et al. (2015) hypothesise that low- and high-level identities of actions have different

social values, with higher-level identities having greater value due to their social utilities. While

the two studies aim to understand how humans identify their actions and what factors affect

their perception, we can apply this theory to understand how humans identify actions in images.

This is supported by studies showing that humans can accurately infer high-level identities

of actions performed by others (Baker et al., 2009; Saxe and Kanwisher, 2003). Figure 2.1

displays sample images depicting actions that can be identi�ed at varying levels.

2.1.2 Highlighting Different Meanings in Images

In his study of Renaissance art, Panofsky (1955) identi�ed three levels of meaning: (1) pri-

mary meaning, which requires practical experience of objects; (2) secondary meaning, which

requires requires prior familiarity with speci�c themes and concepts; and (3) intrinsic meaning,

which requires knowledge about the artist and their social background. To explain his classi-

�cation system, Panofsky uses the example of a person lifting their hat as a greeting gesture.

The primary meaning only addresses the literal meaning (the fact of lifting a hat), whereas the

secondary meaning addresses the symbolic meaning (lifting a hat stands for a greeting). The
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intrinsic meaning, on the other hand, focuses on why the artist depicted the scene in this way

and what can be learned about their personality and background.

Current vision systems have achieved some success in recognising the literal meanings of

images by learning from large amounts of data. However, they fall short in recognising the

emotional and cultural associations of images, which require a deeper understanding beyond

just visual information. This level of understanding requires access to cultural and literary

context, which these systems lack as they are unable to incorporate knowledge from other

sources, such as text.

Panofsky's theory has become widely accepted not only in art but also in other �elds that

require a thorough understanding of images. Shatford (1986) extended the theory with the

goal of providing a framework for indexing and retrieving pictorial materials. She identi�es

four facets, namelywho, what, where, andwhen, through which the three levels of Panofsky's

meanings could be viewed. Thewhat facet of her framework included terms that described

events, actions, conditions, and emotions, answering questions such as: “What are the crea-

tures or objects in this picture doing?”, “What is their condition or state of being?”, “What

emotions are conveyed by these actions or conditions?”, “What abstract ideas do these actions

or conditions symbolise?” (Shatford, 1986, p. 52). To illustrate her point, Shatford provided an

example using the Pieta picture, wheredeathcould be considered a generic aspect, andsorrow

an emotional aspect.

The key takeaway from this section is to appreciate the fact that there can be several valid

ways to label an image during the indexing phase, as we cannot anticipate how someone might

characterise the image during the retrieval process. Therefore, it is essential to remain �exi-

ble in our approach to image labelling, acknowledging that multiple characterisations may be

appropriate.

2.1.3 Expressing Thematic Roles

The image could either depict the person performing the action or the person receiving it.

Therefore, multiple verbs may be required to convey both the action and the participants' roles.

For instance, consider two images that can be accurately labelled with the verbinterrogate.

However, one image shows a person conducting the interrogation, while the other depicts a

person undergoing it. In this case, it may be necessary to use more than just the verbinterrogate

to effectively emphasise the participant's role.
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(a) A man commutes to his
work in a busy street

(b) A coupleenjoysa bike ride
along the beach

(c) Cyclistscompetein
a race event.

(d) Practices (e) Performs on stage.

Figure 2.1: Actions with multifaceted interpretations. Two groups of images (top and bottom)
are shown. Both groups have a shared primary meaning but are distinct in secondary meaning.
The top group can be labelled with verbs such asriding andbiking, but the context of the images
is not fully captured. Similarly, the bottom group shares the common activity of playing guitar,
butplayingfails to express the nuanced context portrayed in the images.

2.1.4 Summary

This section highlights the complexity of describing images, as the meaning of an image ex-

ists on multiple levels, each requiring different verbs to express them. To address this issue,

two approaches can be considered. The �rst approach involves using a set of complementary

verbs to label the image, which helps to provide a more complete and accurate description. As

example of this approach would be using verbs likeinterrogatingandundergoingto describe

an image. The second approach involves composing a larger lexical unit by combining smaller

units, which can be either verbs (including light verbs) or derived from verbs (including nor-

malised verbs). An example of this approach would be “undergoing interrogation”. The thesis

acknowledges the advantages of having a �exible system that can incorporate both approaches

simultaneously, but primarily focuses on the �rst approach of using a set of complementary

verbs to describe an image.

2.2 Verb Prediction

In this section, we will review the verb prediction task, emphasising the signi�cance of the

output produced and its impact on both task design and dataset creation. Our focus will be on
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labelled datasets for both images and videos, where the labels, speci�cally the verbs, serve as

the primary target outputs for researchers in the �eld of verb prediction.

Initially, the verb prediction task was tackled as a standard classi�cation problem, where the

classes were mutually exclusive verbs that were easily distinguishable from each other, such

aseat, sit, andride (Ikizler et al., 2008). However, this approach faced the challenge of verbs

lacking suf�cient context, making them highly ambiguous. For example, the verbplay could

refer to playing a football game or playing an instrument, while the verbpaint could refer to

painting a wall or a piece of art. To address this issue, the candidate classes were limited to those

that were speci�c enough on their own, such asdrink or run (Sigurdsson et al., 2017), resulting

in the elimination of ambiguous verbs such as polysemous verbs or light verbs liketakeand

put, which require additional information (e.g. nouns and prepositions) to disambiguate them

(e.g.take medication, take shoes, take off shoes).

This section further explores the verb prediction literature through the lens of target label

speci�city. The literature is categorised into four approaches based on how the output of the

task is de�ned and how concreteness is achieved for it.

2.2.1 Verb-Object Representation

The �rst approach to creating concrete descriptions of actions involved pairing verbs with ob-

jects as in the form of verb-object pairs or subject-verb-object triplets. This approach empha-

sises the understanding of the relationship between verbs and their context, such as participating

objects or location. Sadeghi and Farhadi (2011) introduced the visual phrases technique, which

combined verbs and objects into single units (e.g. person-riding-bicycle). This technique aimed

to simplify visual complexity by considering how objects' appearance can change based on the

actions they participate in, leading to individual classes with distinctive visual features due to

their high inter-similarities. This approach was in�uenced by Marszalek et al. (2009), who

incorporated scene or location information (e.g. “eating in kitchen” or “ eating in cafe”). These

earlier datasets and others, such as the Sports Dataset (Li and Fei-Fei, 2007) and Stanford-

40 (Yao et al., 2011), are restricted in both the quantity of images and number of classes. In the

following we discuss a number of more recent and extensive datasets whose labels have served

as targets for researchers working on verb predictions.

The “Humans Interacting with Common Objects” (HICO) dataset, as presented by Chao

et al. (2015), consists of47K images covering600distinct categories of human-object inter-

actions. The focus of these interactions is exclusively on human subjects. One of the main

objectives for creating HICO was to provide a diverse set of actions for each object, averaging

6:5 interactions per object. For example, the dataset covers various actions for bicycle, such as
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ride, hold, sit on, walk, andrepair. This objective, therefore, made object categories (80 from

MSCOCO (Lin et al., 2014)) the starting point in building HICO.

Yatskar et al. (2016) presented the situation recognition dataset (imSitu), which contains

structured annotations of actions occurring in126K images. Each image is annotated with a

verb describing the action, the objects involved, and their respective roles in the action. This

dataset provides insight into the relationships between objects and their roles in actions, and

it enables machine learning models to generate comprehensive and meaningful descriptions of

images.

However, it also increases output complexity and the scope of possible outputs, as imSitu

has a large number of unique combinations, totalling200K distinct situations, compared to just

600in the case of HICO. The importance of verb categories in imSitu is emphasised through

their role in both the image selection and annotation processes.

The authors initially considered almost10K candidate verbs, but narrowed down the list to

1K verbs by eliminating non-visual verbs and those requiring technical background or advanced

literacy. This list was further reduced to504due to the unavailability of suitable example im-

ages. The �nal set of verbs includes near-synonyms, making it dif�cult to differentiate between

them and treat them as separate concepts, such asPHONING andTELEPHONING. Additionally,

some verbs may also prove dif�cult to distinguish given the static nature of images, such as

LAUGHING andGIGGLING.

On the other hand, some verb pairs exhibit nuanced but important differences, such as

BIKING andRIDING (where biking is a type of riding),DIALLING andPHONING(where dialling

is a sub-activity of phoning), andPACKAGING andPACKING. These subtle distinctions are of

signi�cance in the context of this thesis and make the imSitu dataset a promising resource for

experimentation.

A key drawback of this approach is that the number of classes, i.e., the combinations of

verbs and objects, increases at a rate higher than the increase in the number of objects. This

can result in an inability to gather suf�cient training data for each distinct class. For instance,

if the task is to generate pairs of verbs and objects and the model is trained to detect10 verbs

and50objects, the number of possible combinations would be up to10� 50 = 500. However,

research has shown that the number of classes that can occur in real-life scenarios is much

smaller than the number of possible combinations (e.g., a person cannot sit on a pencil). This

insight has led to various proposals to address this challenge. For example, Lu et al. (2016)

suggests using written language as a prior, by utilising word vectors that are pretrained on large

text data, which are then �netuned on the image dataset.

Ramanathan et al. (2015) proposed an extensive set of action descriptions, comprising
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subject-verb-object combinations, to tackle the issue of data scarcity. Their work aimed to

understand the inter-relationships among actions as a means of generalising to unseen classes.

For example, if there were few or no training images for the action “person interacting with

panda”, the model could still learn it by leveraging its relationship with other actions with more

training data such as “person feeding panda” and “person holding animal”. The study explored

three types of relationships: implied-by, type-of, and mutual-exclusive. The model is expected

to learn these relationships through supervised training on a subset of “action descriptions” and

output the relationship type between two or three images. The study also incorporated a lan-

guage prior module that utilised the WordNet hierarchy, which exhibits the three relationships.

The authors constructed an extensive set of27K unique action descriptions, but did not provide

a full list or in-depth discussion on how the they were developed. The action descriptions were

then used to construct a weakly-labelled image dataset through searching Google Images and

collecting the top results, followed by a �ltering step to remove noisy images.

ActivityNet, introduced by Heilbron et al. (2015), is a video dataset that features203

human activities chosen from a four-level taxonomy designed by the Department of Labour for

the American Time Use Survey (ATUS)2. The taxonomy covers over2K activities, organised

based on social interactions and activity location (Figure 2.2). Within the ATUS taxonomy,

intermediate nodes are categories or domains, while leaf nodes are the speci�c actions. It is

important to note that the taxonomy does not offer a hierarchical representation of verbs and

their connections, but rather groups activities into distinct domains or areas of application. To

ensure the inclusion of a diverse range of actions, the ActivityNet activities were manually

selected from7 out of the18top-level categories in the original taxonomy.

2.2.2 Free-Form Representation

This section reviews datasets that annotate actions through indirect methods, where verbs are

generated as a byproduct. The focus is on two captioning datasets, MSCOCO (Lin et al., 2014)

and Flickr30K (Young et al., 2014). The purpose of this review is to observe the way humans

describe actions when limited restrictions are placed on the nature of the description and to

study the relationship between verbs that describe a particular image.

Each image in MSCOCO and Flickr30K is annotated with �ve captions written by �ve

human annotators. The captions are sentences that describe the visual content, with a focus on

salient aspects of the image (i.e., describing people and their interactions with each other or

the environment). It's important to emphasise that the captions are not meant to supplement

images with additional information but rather to provide descriptions from individuals who are

2Source:https://www.bls.gov/tus/lexicons/lexiconwex2021.pdf
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Figure 2.2: Visualisation of the sub-tree of the top level categoryhousehold activitiesby
Heilbron et al. (2015).

unfamiliar with the speci�c context of the images (Karpathy, 2016). Examples of captions from

these datasets include:

• Ballet dancers in a studio practice jumping with wonderful form.

• Four men cutting into a cake with Malaysia written on it.

• A deep-sea diver is in full equipment studying a sea turtle.

These datasets offer a valuable insight into how individuals describe actions when given

more creative freedom, without having to select verbs from a pre-de�ned list. This can result

in a wider range of verbs being used, compared to action datasets that exclude abstract, spe-

ci�c, technical, or high-literacy verbs. We contend that a comprehensive description of actions

requires not only a larger but also a more diverse set of verbs. A balanced mix of verbs that

encompass different aspects of action description, such as concreteness, abstractness, reason,

manner, etc., is crucial.

We conducted an analysis on captions of both datasets and found that our observations were

relatively consistent across both; therefore, this section will speci�cally focus on one dataset:

Flickr30K. To identify all verb instances in the captions, we employed the part-of-speech (POS)

tagger from the spaCy (Honnibal and Montani, 2017) large language model (encoreweb lg).

The Flickr30K dataset was found to have a total of2; 239verbs, with an average of5 unique

verbs per image and1:5 verbs per caption.

Our analysis revealed that the verb (lemma) distribution is highly skewed, with certain verbs

(e.g.,wear, sit, stand, play, andwalk) occurring over10K times, while1; 656occur fewer than

20 times. This imbalance raises doubts about the usefulness of most of these verbs, as the
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limited number of examples may lead to inadequate representation. Despite this, the1; 656

verbs could be useful for evaluating zero-shot models, for instance.

This observation is also supported by the work of Alikhani and Stone (2019), re�ecting

the constraints imposed during annotation and dataset creation (i.e, how the content of images

hugely in�uences how captions are written). Their study show that verbs are signi�cantly un-

derrepresented in image captioning corpora compared to the American National Corpus (ANC),

a balanced corpus of spoken and written English (Ide and Suderman, 2004). In the ANC,18:4%

of the tokens have verb tags compared to only2:6%in MSCOCO and1:2%in Flickr30K. Fur-

thermore, the frequency of verbs decreases sharply in image captioning corpora, especially

across the most frequent100verbs, indicating less diverse use of verbs. For instance, the top

10 most frequent verbs in MSCOCO already account for%60of all verbal instances, and the

top 30 and top100account for72%and86%respectively. In the ANC, top10, top 30, and

top 100account for44%, 56%and71%. The study also shows that verbs in image captioning

corpora are either stative (describing conditions rather than activities) or atelic (describing an

ongoing process and in a general way without invoking the possible goal). Based on a sam-

ple of 500captions from each dataset, only� 5:6%of MSCOCO and Flickr30K contain telic

descriptions, compared to58:8%for the ANC.

In our examination, we observed that the process of extracting verbs from captions is gen-

erally simple, except for verbs labelled as past participles. Past participles can be used to

describe either object states (e.g., “... a snow-covered mountain”) or actions “A couple getting

married”). However, after consideration, we chose not to address this issue as instances of

past participles only represent7:5% of all verbal occurrences. The following provides more

examples of past participle instances describing actions:

• A young female student performing a downward kick to break a board heldby her
Karate instructor.

• An African American child is supportedby his three peers while riding his bicycle.

• A little baby cradledin someones arms.

Additionally, we carried out a manual examination on a subgroup of images with a higher

verb count, aiming to analyse the features of these images and assess the impact of verbs in en-

hancing the descriptive nature of captions. Out of the30K images, only8611had a minimum

of six unique verbs across the set of �ve associated captions, while only1945had a minimum

of eight unique verbs. Our analysis revealed that the abundance of verbs in the captions was

a result of two primary factors: (1) the captions depicted various actions (as illustrated in Fig-

ure 2.3), and (2) the captions provided various perspectives or interpretations of the actions

(as illustrated in Figure 2.4). It was noted that the majority of cases were primarily due to
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1. A group of people, of all ages,
listening to a concert being performed
by a solo practitioner.

1. Two men in �orescent vests are
standing next to parked cars in front
of a small building while one of them
converseswith a driver and a woman on
a bike is seen ridingby.

2. A woman playinga guitar in front of
a group of people standingoutside.

2. A man leans intoa car to talkto the
driver, as a man on a bicycle looks on.

3. A crowd gathersaround a lady with
an acoustic guitar who is performing.

3. A man on a bicycle watchinga row of
cars waitingto go througha checkpoint.

4. A woman , playingmusic , smilesas
a crowd surroundsher.

4. A park ranger talkingto a tourist.

5. A woman performingwith a guitar on
a crowded street.

5. Two cars are parked outside.

Figure 2.3: Two images from Flickr30K annotated with a large set of verbs, each showing
multiple actions.

the �rst factor, as it proved challenging to locate suf�cient examples that illustrate the second

factor. This �nding is key in informing the decision to not pursue experimentation on cap-

tioning datasets. Section 3.3 will delve deeper into the discussion of the dataset chosen for

experimentation in this thesis.

2.2.3 Sense-Based Verb Representation

This approach focuses on predicting the correct sense of a verb, instead of just the base form

of the correct verb. Gella et al. (2016, 2019) proposed the task of Visual Sense Disambiguation

(VSD) for verbs, which is inspired by the Word Sense Disambiguation (WSD) task. In VSD,

the input is a pair of image and verb, and the output is the correct sense of the verb. The authors

provided an example to demonstrate the importance of this task: three images labelled with the

wordplaycan have different meanings such as an athlete playing in a match, a guitarist playing

music, and children playing in a sandbox.
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1. Puppeteer wearinga purple sleeveless
shirt showing offa puppet that looks like
a black man with shades playing a saxo-
phone.

1. A toddler is staringinto the screen of a
brightly colored orange and yellow video
game in what appears to be a game center.

2. A man dressed in a burgundy shirt and
black pants maneuveringa puppet which
is holding a musical instrument.

2. A toddler wearinga onesie is stretching
to seea video game in an arcade.

3. Puppeteer entertainingwith a puppet
playing the saxophone on the side of the
street.

3. A toddler in a white onesie is playinga
video game at an arcade.

4. A man wearinga red shirt has a puppet
band, on the street.

4. A toddler takeshis �rst glimpse of the
wonders of video games.

5. A man manipulatesa saxophone play-
ing marionette.

5. A baby in an arcade tiptoeingto seethe
screen of a video game.

Figure 2.4: Two images from Flickr30K annotated with a large set of verbs, each showing a
central action with multiple interpretations.
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The authors proposed unsupervised techniques to mitigate the lack of datasets that label im-

age actions with verb senses, and developed a small-scale dataset (3:5K images) for evaluation

purposes. Creating a large-scale image dataset for verb senses presents a challenge as there

are limited linguistic resources available to organise verb senses in a hierarchical manner that

would be useful for building the image dataset (Barnard and Johnson, 2005; Chen et al., 2015).

This task formulation in�uenced the selection of verb senses, leading to a focus on polysemous

verbs.

HICO, previously discussed in Section 2.2.1, allocates some attention to verb senses for

the purpose of simplifying the set of verbs considered when building the dataset. To de�ne

verb categories, HICO extracts a candidate set from MSCOCO captions using linguistic tools

such as a dependency parser and the Google N-Gram dataset. Verbs with similar meanings are

manually grouped into categories (e.g.repair and�x in the context of bicycles) and then linked

to WordNet senses, i.e. synsets. For instance, out of many verbs used to describe bicycle-related

actions, the following are grouped as one verb:repair, mend, �x , bushel, doctor, furbish up,

restore, andtouch on. The purpose of grouping verbs is to simplify the action recognition task

by separating language understanding from vision recognition. Therefore, WordNet synsets are

merely used to facilitate the grouping of verbs, meaning that the verb sense labelling in HICO

is not designed to address VSD or handle overlapping senses. The de�nition of verb and object

categories is in�uenced by the MSCOCO dataset, leading to a similar dataset to MSCOCO

since verb and object categories determine the selection of images.

2.2.4 Multiple-Verb Representation

Wray and Damen (2019) propose a multiple verb-only representation for the target output of

the verb prediction task, which deals with the overlap of context among verbs by using an

object-agnostic approach. They use two techniques for representing actions in videos, hard

assignment and soft assignment. To motivate their approach, they provide an example that

highlights the ambiguities that can arise from verb-object representations, such as the ability to

open a door by pushing or pulling, or a bottle by turning and a package by cutting.

In the hard assignment method, the target is represented by a binary vector over the set of

target verb classes. The indices of verbs that describe the action are activated (assigned a value

of 1), while the rest of the indices are assigned a value of0. In the soft assignment, each verb

in the target vector is given a relevance value between0 and1, which is calculated from scores

provided by30 to 50 annotators for each example. These scores are then normalised. The

motivation behind this approach is that even if multiple verbs can be used to label a video, they

may not have equal validity or relatedness.
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An examination of the annotators' agreement in the annotation data showed a tendency to

agree on verbs that are either highly relevant or certainly irrelevant, but disagreement was found

on a group referred to as secondary verbs. Although these verbs are not critical to describing

the action, some annotators did not deem them irrelevant.

Their experiments showed that both the hard and soft assignment techniques outperform the

verb-object representation as in Section 2.2.1. Hard assignment is more appropriate for verb

prediction, while soft assignment is better suited for retrieval. However, the main drawback of

the approach is its labour-intensive nature, as annotators need to evaluate the relevance of each

verb instead of simply selecting the most applicable one as in the single-verb approach.

The HICO dataset, previously discussed in Sections 2.2.1, and 2.2.3, assigns multiple verbs

to each image, treating all labels as equally important. The major challenge with HICO is the

imbalanced distribution of verbs, where some verbs such assit andstandoccur much more fre-

quently, whereas the majority of verbs have only a few occurrences. Despite attempts to rectify

this through increased query iterations during image collection, the source of this imbalance

may be traced back to HICO's reliance on MSCOCO for creating its categories of verbs and

objects.

2.2.5 Summary

In this section, we discussed four main types of tasks that involve predicting verbs, both directly

and indirectly. We focused on how these verbs are presented in the tasks and the types of

resources that have been constructed for these tasks. Additionally, we explored the role of

verbs in dataset construction approaches.

In this section, we discussed the verb-object representation approach, depends on infor-

mation about the objects and scenes within an image to convey the meaning of the image

action. However, this approach has limitations in capturing the multi-faceted nature of action

meanings. It places the onus on the end-user, i.e., the human, to reason and derive additional

interpretations of the action from the available information.

In addition to the verb-object representation approach, we also examined the free-form rep-

resentation approach, which allows for more detailed descriptions of image actions and often

includes multiple verbs. This approach enables us to analyse the co-occurrence of verbs within

image descriptions. However, one signi�cant challenge with the free-form representation ap-

proach is the highly uneven distribution of verbs within captions, which can limit the utility of

captioning datasets for verb prediction tasks like the one presented in this thesis.
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We also discussed the sense-based approach, which is highly speci�c to the sense disam-

biguation task and necessitates meticulous annotations of images. This approach has the po-

tential to yield more precise information about the actions depicted in images. However, it can

be time-consuming and require substantial resources to execute, especially when applied to a

large-scale dataset. Additionally, we explored the multiple-verb representation, with a focus on

Wray and Damen's (2019) soft-assignment method, where labels are assigned varying degrees

of relevance.

2.3 Target-Label Representation

Earlier in Chapter 1, we established the premise that each image is assigned a single verb or

a set of verbs that characterise the primary action depicted in the image. In Section 2.1, we

highlighted the need for a diverse set of verbs when describing the primary action in the image,

and Section 2.2 presented an overview of various tasks that approached verb prediction, either

directly or indirectly, and analysed the output format of these tasks.

As our task requires the output to be represented in the form of one verb or a set of verbs,

this section explores multiple vector-based approaches to verb representation, categorised into

four approaches. Each of these categories will be discussed in detail in separate sections.

2.3.1 One-Hot Representation

The approach represents target labels as discrete symbols, each assigned a unique integer num-

ber, which can be based on alphabetical order or the order of observation. This integer repre-

sentation can be transformed into a vector representation, where each word in the set maps to

a distinct, sparse vector ofL dimensions (whereL is the number of distinct labels or classes).

This representation, known as one-hot vector, assigns a value of1 to the i -th dimension for

label i and0s in all other dimensions. One-hot vectors were previously widely utilised in ma-

chine learning and still in classi�cation tasks that require mutually exclusive classes. However,

in recent years, the use of this representation has declined with the advent of deep learning

techniques, which have demonstrated superior ability in learning complex representations.

In this thesis, we view one-hot embeddings as insuf�cient due to the fact that the target

labels (verbs) are not mutually exclusive and cannot be arranged as disjoint sets of classes.

Furthermore, these embeddings lack the ability to measure similarity or relatedness without the

use of supplementary resources like WordNet as in Resnik (1995). Our proposed framework

emphasises the importance of capturing the relationships between verbs in the representation,



CHAPTER 2. LITERATURE REVIEW 21

which is crucial for expanding vocabulary and handling unseen verbs during training (as dis-

cussed later in Chapter 3).

2.3.2 Feature-Based Representation

A second method for representing verbs is through distributed representations using a set of

hand-selected features or attributes. These provide valuable insight into human concept repre-

sentation and have been applied successfully in NLP tasks, particularly as a proxy for modelling

perceptual information (Silberer and Lapata, 2014; Silberer et al., 2017). To develop a feature

norm dataset, individuals are asked to identify the most crucial attributes of a concept. For

example, in the widely used McRae dataset (McRae et al., 2005), the concept of shrimp is

associated with features such as being small, edible, and living in water.

Feature norm datasets can be transformed into vector representations, but the resulting vec-

tors tend to be sparse, with each concept only having a limited number of features (e.g. McRae

has an average of13:7 features per concept). One of the main advantages of feature norm

datasets is that they cover a range of properties, including visual-form and surface properties,

rather than just taxonomic or encyclopedic ones. Table 2.1 shows the featural representation

for moose.

However, these datasets still only provide a partial view of human conceptual knowledge

and creating them is both expensive and labour-intensive, as extensive human annotations are

required to determine the features associated with a given concept (Fagarasan et al., 2015).

As a result, coverage is limited to a speci�c set of concepts and features. For instance, the

McRae dataset only has541concepts described using2526features, while the largest in terms

of coverage, the Cambridge Centre for Speech, Language, and Brain (Devereux et al., 2013),

includes only638concepts. Most of these resources are designed only for noun concepts, with

a few exceptions, such as Vinson and Vigliocco (2008), that include verbs in their studies.

Additionally, the subjectivity of this method raises concerns as it is based solely on human

annotators, which may introduce biases.

In the �eld of computer vision, feature-based representations are distinct from other feature-

based representations in two ways. Firstly, they consist of binary features and secondly, the

feature space is tailored to a speci�c task or dataset. For instance, features such aswhite, eat

�sh, stripes, andwatermight be relevant for animal recognition (Lampert et al., 2014), while

vegetation, vacationing, andnatural light may be suitable for scene recognition (Patterson

et al., 2014). Object recognition (Farhadi et al., 2009; Ferrari and Zisserman, 2007) could

bene�t from features such ashorn, wing, door, andwood, and action recognition (Liu et al.,

2011) might use features likeindoor related, translation motion, andtorso twist.
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Table 2.1: The featural representation for moose in the McRae dataset (2005)

Feature Production Frequency Brain Region Classi�cation

is large 27 visual-form and surface
has antlers 23 visual-form and surface
has legs 14 visual-form and surface
has four legs 12 visual-form and surface
has fur 7 visual-form and surface
has hair 5 visual-form and surface
has hooves 5 visual-form and surface
is brown 10 visual-colour
hunted by people 17 function
eaten as meat 5 function
lives in woods 14 encyclopedic
lives in wilderness 8 encyclopedic
an animal 17 taxonomic
a mammal 9 taxonomic
an herbivore 8 taxonomic

Feature-based representations are inef�cient due to their task-speci�c and labour-intensive

nature. Also, research has shown that feature-based techniques are inadequate for object clas-

si�cation (Yu et al., 2013), which raises concerns about their performance for other tasks.

2.3.3 Distributional Representation

In the preceding section, we explored a method of obtaining a distributed representation through

representing verbs as vectors of attribute or feature values. This section introduces a second

method, which is founded on the distributional hypothesis and employs patterns of verb usage

in large text corpora to construct the representation. The distributional hypothesis postulates

that words that appear in similar contexts tend to have similar meanings (Firth, 1957). This idea

has greatly in�uenced the development of distributional vectors and offers practical approaches

for constructing representations from vast text resources (Deerwester et al., 1990; Bengio et al.,

2003; Collobert and Weston, 2008).

One key aspect of these algorithms is that they do not require any kind of feature engineer-

ing as in the featural representation.

The earliest approach for creating distributional representations is the count-based approach,

which entails constructing a frequency matrix and subsequently undergoing linguistic and

mathematical processing. Although there are numerous variations and applications of this fre-

quency matrix, the one that has had the most direct impact on current distributional models is

the Hyperspace Analogue to Language (HAL) proposed by Lund and Burgess (1996). HAL
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innovated the use of a word-word frequency matrix instead of a word-document matrix and the

notion of a �xed-sized context window, rather than the entire document.

The second method for constructing distributional representations involves using a shal-

low neural network-based approach. This method is ef�cient and enables simple updates to

the embeddings. It gained widespread recognition with the work of Mikolov et al. (2013),

who introduced the word2vec library, which learns representations by predicting context words

given a target word (SkipGram) or by predicting the target word based on its surrounding con-

text words (CBOW). Another in�uential contribution is the Global Vectors (GloVe) proposed

by Pennington et al. (2014), which combines the global statistics of count-based techniques

like LSA with the local context-based learning present in word2vec.

Measuring similarity. The main advantage of using distributional embeddings for verb rep-

resentation is the ability to quantify the similarity or relationship between verbs. Attributional

similarity between pairs, such as (drive, commute) and (yell, argue), can be directly measured

using cosine similarity. However, it is important to note that distributional similarity yields

only one metric, making it challenging to differentiate between various forms of similarity, in-

cluding hypernyms, antonyms, and synonyms, as well as other semantic associations, such as

those betweendineandtable cloth.

One solution to overcome this vagueness is to measure relational similarity between pairs

of verbs, which adds context to the type of similarity being sought. For instance, the troponomy

relationship can be measured through the analogynibble to eat is like sip to drink, which can

be determined by vector arithmetic (
�!
sip �

���!
drink +

�!
eat). The next step is to calculate the cosine

similarity between the resulting vector and each embedding in the vocabulary, and select the

closest match, which would be
���!
nibble.

Another solution to the vagueness of distributional similarity is to compare similarity based

on speci�c semantic features such as morality, social class, pleasantness, gender, wealth, and

sentiment (Grand et al., 2022). These semantic features are extracted from seed embeddings

and can be used to analyse the expressiveness of a wider range of embeddings. For example,

(Bolukbasi et al., 2016) conducted a principal component analysis (PCA) on a matrix composed

of very feminine and very masculine embeddings and used the resulting �rst component, which

explains the most variation among the embeddings, as the gender attribute.

Limitations. Since distributional embeddings are trained on text resources, they inherit the

limitations and biases that exist in text. Bias in text could stem form human biases, e.g.,gen-

der biasas demonstrated by Bolukbasi et al. (2016). The nature of human communication
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and the medium used for communication, text, can also introducereporting biasin distribu-

tional embeddings as discussed by Gordon and Durme (2013), which can negatively impact the

capability of describing human actions.

Another limitation of distributional embeddings is their inability to capture the full meaning

of a concept due to their reliance on linguistic resources alone. Representing meaning solely

through linguistic resources fails to account for the grounding of meaning in perception (Har-

nad, 1990). Humans acquire knowledge not just through text but also through physical experi-

ences and sensori-motor experiences (Louwerse, 2011), and as a result, distributional embed-

dings may lack the ability to effectively encode perceptual meaning, particularly in comparison

to taxonomic and functional features as discussed by Lucy and Gauthier (2017).

Despite these limitations, distributional embeddings have been widely adopted and utilised

in a range of visual-based applications due to their great potential. It is important, however, to

acknowledge these limitations and understand the potential biases and drawbacks inherent in

distributional embeddings.

2.3.4 Contextual Representation

Contextual representation is a subcategory of distributional representation, but it is discussed

separately in this section to emphasise that it is not the focus of the experiments in this thesis,

which concentrate on static distributional embedding (discussed in the previous section).

Since the advent of contextual models, such as those introduced by (Peters et al., 2018; De-

vlin et al., 2019; Radford and Narasimhan, 2018), they have become an essential component in

achieving state-of-the-art results in various NLP tasks. The key distinction between contextual

and distributional representation lies in the former's ability to learn a robust language model,

allowing for an end-to-end architecture that seamlessly integrates the input representation (e.g.,

words) and the prediction module.

Aside from their primary applications in downstream tasks, contextual models also hold sig-

ni�cant value in terms of extracting speci�c representations, such as variations in the meanings

of words based on word sense, genre, or historical context. These models produce an instance-

based representation of words, where the representation of a word changes dynamically based

on the context in which it appears. For instance, the wordplay has different representations in

the sentences “A kid plays with his toys in the backyard” and “A person plays the guitar in a

room”.

Studies by Loureiro and Jorge (2019) and Loureiro et al. (2022) utilised contextual models

to extract speci�c representations from a small sense-annotated corpus such as SemCor. They

proposed a technique that extracts contextualised embeddings of each unique sense instance,



CHAPTER 2. LITERATURE REVIEW 25

then computes a prototype representation for the sense through average pooling or cluster cen-

troid calculation.

Contextual models are also potentially valuable for extracting representations in the vi-

sual domain. We believe that, even with limited training data, contextual models can produce

representations that are more relevant to visually-oriented applications, compared to the static

embeddings of the previous section. The representations generated by these models are ex-

pected to encode key information about the visual scene, including properties of the verbs,

information about the agents, objects, and actions related to the verb. One major challenge we

faced when considering the use of contextual models is the limited availability of publicly ac-

cessible datasets that are suitable for the verb prediction task, such as audio descriptions (AD)

for movies and television shows that are created for the visually impaired.

Despite the potential of contextual embeddings, this thesis exclusively concentrates on static

distributional embeddings due to their suitability for the research objective, which aims to es-

tablish a global representation of verbs, as opposed to context-speci�c ones (i.e., contextual

representations). Furthermore, exploring static embeddings offers valuable insights, as elab-

orated in Chapter 5. Static embeddings also demonstrate superior performance compared to

contextual embeddings across various out-of-context semantic tasks and datasets (Lenci et al.,

2022).

2.4 Zero-Shot Learning

Zero-shot learning is a learning setup in machine learning where the model is tested on classes it

has never seen during training. The goal is to predict the class of the new instances (or samples)

based on auxiliary information that describes the distinguishable features of classes. That is,

the auxiliary links the seen and unseen classes by describing the distinguishable features of

both types of classes. For instance, in image classi�cation, a model that was trained on grizzly

bears but has never seen a panda can still identify a panda if it has access to the information

that pandas are black-and-white bears. The problem of zero-shot learning is well-researched

across various disciplines, particularly in computer vision, where object classi�cation is a key

area of study.

The use of zero-shot techniques is motivated by the need for a mechanism to handle highly

descriptive verbs, which contain a rich amount of information about actions. These verbs

present a considerable challenge to conventional supervised learning algorithms due to their

limited range of application and rare occurrence in corpora and image datasets. This is due

to the phenomenon that the greater the degree of descriptiveness, the narrower the scope of
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application for a verb (Snell-Hornby, 1983). This is exempli�ed by the following ranking of

verbs based on the degree of descriptiveness provided by Boas (2008):

walk < jog < parade < stagger

There are two broad categories of zero-shot learning techniques that are relevant to vision-

based tasks, namely attribute-based methods and embedding-based methods. Attribute-based

methods (Lampert et al., 2014; Jayaraman and Grauman, 2014; Al-Halah et al., 2016; Farhadi

et al., 2009; Rohrbach, 2017) typically employ a two-step procedure, in which the attributes

of an image are �rst predicted and then, in step 2, matched to the class with the most simi-

lar attributes. The component that predicts image attributes is trained on a subset of classes,

with the aim of generalising to unseen classes. However, this approach necessitates expensive

manual annotation and is still susceptible to domain shift between the intermediate task (i.e.,

attribute prediction) and the target task (i.e., label prediction) (Fu et al., 2015). The nature of

these attributes was discussed previously in Section 2.3.2.

Mapping-based learning, on the other hand, directly learns a mapping from an image feature

space to a semantic space (Akata et al., 2016; Palatucci et al., 2009; Socher et al., 2013; Frome

et al., 2013). As in the other category, the model learns to perform the matching based on a

subset of classes only. The semantic space can be designed either by utilising a set of nameable

attributes (detailed in Section 2.3.2) or by employing distributional embeddings (discussed in

Section 2.3.3). In our thesis we employ the mapping-based approach that maps the input into a

distributional space. This con�guration leverages the ongoing advancements in representation

learning, enabling the effective use of pretrained massive models without incurring the cost of

task-speci�c annotations.

This section provided a brief overview of zero-shot learning techniques relevant to our

thesis. For a more detailed look at the subject, we suggest the reader refer to Fu et al. (2018);

Xian et al. (2019).

Zero-shot in action classi�cation. The application of zero-shot tasks in action classi�cation

poses a greater challenge compared to other domains. This is primarily because of the scarcity

of appropriate lexical resources. These resources play a critical role in determining which

classes should be used for training and testing based on their degree of dissimilarity, as de�ned

by these resources.

In object classi�cation, ImageNet has a broader role than being just an image dataset. As

it is constructed using WordNet, it offers a structured approach for selecting training and test

classes based on the similarity between the two sets. For example, when training a model
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on the ILSVRC (1K ImageNet) classes, we can select test classes from the remaining20K

ImageNet classes by evaluating their similarity to the training classes. This can be achieved by

quantifying the links or edges between the classes using WordNet. By using this method, we

have the �exibility to adjust the level of dif�culty in evaluating the model. For example, we can

achieve this by selecting test classes that are either one or three links away from the training

classes in terms of their relationship within WordNet.

Despite the added challenge, researchers have begun to tackle zero-shot learning for verbs

or actions in the visual domain. One notable study is the work of Zellers and Choi (2017),

which serves as a point of comparison for the current thesis since it was evaluated on the same

dataset. Their study proposes a method for verb prediction that combines prede�ned attributes

with distributional embeddings. The authors use lexical resources to identify24attributes that

are considered relevant to the task of verb prediction.

2.5 Summary

In this chapter, we have presented a comprehensive overview of the problem addressed in this

thesis from various perspectives. In Section 2.1 we have established the necessity of employing

diverse descriptions of image actions, considering their multifaceted nature and varying inter-

pretations. For instance, while one description may emphasise the manner in which the action

is performed, another may prioritise the intention or objective behind it. It is worth noting that

different descriptions often necessitate the use of distinct verbs, which is where the contribution

of this thesis lies.

In Section 2.2, we conducted a review of several tasks that involve predicting verbs, either

directly or indirectly, and examined the potential bene�ts of the resources generated from these

tasks. Our analysis revealed that these tasks have limitations, such as not demonstrating the

interrelationships between verbs when describing image actions, as in the verb-object format.

Alternatively, they may be too speci�c for their intended use, as in the sense-based format,

or may be challenging to implement on a large scale set of images and verbs, as in the soft

assignment of multiple-verb format. In addition, we demonstrated that resources that present

the output in a free-form format, i.e. captions, can potentially capture the interrelationships

between verbs and usually covers a wider range of verbs. However, we also showed that they

are challenging to use for the task presented in this thesis due to the extreme imbalance of verb

counts in these resources. In Section 2.2, our objective was to review available resources for

predicting verbs based on their output formulation. Our aim was to assess the limitations and

potential bene�ts of these resources and determine the most suitable one for the task presented
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in this thesis. Section 3.3 will thoroughly discuss the dataset selected for experimentation in

this thesis.

In Section 2.3 of our literature review, we have explored different techniques for repre-

senting verbs using distributed vectors. Two major approaches are feature-based represen-

tations, which involve identifying a set of semantic features for the verb (e.g., “has legs”),

and data-driven representations, such as distributional embeddings. Distributional embed-

dings are created by analysing large amounts of text data and identifying patterns of word

co-occurrence. These patterns are then used to create a vector representation for each word,

including verbs, based on its distributional context in the text. While feature-based repre-

sentations allow for greater interpretability, distributional embeddings have been shown to be

highly effective in capturing subtle semantic relationships between verbs, such as similarity

and relatedness. Given the objective of utilising existing large-scale resources in this thesis,

distributional embeddings emerge as a highly compatible choice. Not only do they offer access

to a wide range of pretrained models trained on vast corpora, but their ability to operate inde-

pendently of manual curation or supervised training further reinforces their suitability for this

task.

Finally, in Section 2.4, we provided a brief overview of zero-shot techniques and explained

why they are relevant to the task presented in this thesis. We also identi�ed a speci�c challenge

that arises when applying these techniques to a verb prediction task.



Chapter 3

Methodology

Chapter 1 introduced the idea that information in addition to that derivable from visual inputs

may be necessary to address the verb prediction task and that a potential source of this is text.

The central hypothesis is that information distilled from the visual modality cannot entirely

solve verb prediction, and incorporating other modalities can improve the model's predictive

capability. In our work, the textual modality is used as an auxiliary source to extract lexical

semantic information. Although text is not a perfect representation of knowledge, it can still

provide valuable insights for the task, especially for the zero-shot setting, a setting where the

textual modality should shine. Overall, we posit that a framework that incorporates semantics

and facilitates zero-shot learning should yield a model better at predicting less-visual actions

and capable of predicting multiple meanings of a given action.

This chapter discusses the verb prediction task in more detail and presents our proposed

framework for building the prediction model. We �rst present a formal de�nition of the task

(Section 3.1), distinguishing between the conventional supervised and zero-shot learning set-

tings. Section 3.3 reviews the dataset selected for experimentation and discusses the dataset

preparation process. Section 3.2 presents the proposed framework for building/training the

model and explains how lexical semantic information is incorporated.

3.1 Task De�nition

Formally, letx be an input image. LetC = CS [ CT be the set of all the possible action classes,

whereCS is the set of classes observed during training, andCT is the set of target classes that

we want to predict at test time. The task is to learn a functionf (x) that assigns a target label

c 2 CT to an input imagex given training instances from classCS. We assume that an action

class can be represented as a verb, which allows us to treat the problem of action prediction as a

29
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verb prediction task. In this regard, we consider three different settings for the verb prediction

task:

Supervised learning. A standard supervised learning setting, where all classes are observed

during training. That is, the set of classesCS at training time is identical to the set of target

classesCT at test time; therefore,CS � CT . Carrying out experiments in this setting allows us

to operate in a controlled manner. It enables direct comparisons against many existing baselines

trained only in this setting (i.e., standard vision classi�er), usually comprising a softmax as a

�nal layer. Furthermore, the supervised setting is ideal for studying the effect of lexical seman-

tic information on less-visual actions. For example, we would like to compare the framework's

performance on abstract classes (such ascomforting) to standard label classi�ers.

Zero-shot learning (ZSL). In a zero-shot learning setting (Lampert et al., 2014), the set of

classes (or verbs)CS observed at training time is disjoint from the target classesCT at test

time; i.e.,CS \ CT = ; . Intuitively, a model under this setting is forced to predict a class label

from CT without having any knowledge about these classes at training time, for example by

using associations and properties learned only from classesCS. Such a setting can be useful

for evaluating models that can predict novel target classes, for example abstract verbs (e.g.,

greetingor comforting) or classes that do not have many training examples (if any). We use

this setting to demonstrate the ability of our proposed approach to predict such novel target

classes.

Generalised zero-shot learning (GZSL). In a generalised zero-shot learning setting (Scheirer

et al., 2013), the set of class labelsCS at training time is a strict subset of the target class labels

CT at test time; therefore,CS � CT . Under this setting, the model only learns from a subset

of the possible set of action classesCS at training time. At test time, the model generates a

prediction from a pool of classes that contains both classesCS and classesCT . This setting

enables us to test the framework under a relatively realistic and more challenging setup, given

that the search space at test time contains a more extensive set of classes.

Our experimentation is limited to the �rst two settings only. The results from the GZSL

setting proved challenging to analyse and interpret due to the mixed set of seen and unseen

classes in the evaluation set.
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3.2 The I2A Framework

Given an input imagex, our Image2Action (I2A) model predicts one or more labels from a

set of possible target class labelsCT . The key aspect of the model is an intermediate vector

representation that connects the class labelsCS at training time to the target class labelsCT

at test time. More speci�cally, we learn a regressorh(x) that predicts a vector from training

instances of class labelsCS. At test time, the functionf (x) will then predict a target class label

c 2 CT that has a vector representationvc closest to the predicted vectorh(x):

f (x) = argmin
c2 CT

D(h(x); vc) (3.1)

whereD(i; j ) is some distance function between vectorsi andj

We �rst introduce and motivate the use of vectors as an intermediate representation to verbs

in Section 3.2.1. Section 3.2.2 describes the I2A framework in detail and explains the interac-

tions between its components during training and testing processes. The subsequent sections

describe the main components of I2A.

3.2.1 Distributed Lexical Representation of Verbs

In traditional classi�cation tasks, each image is assigned a single label, which is represented

by a one-hot encoded vector. The length of this vector is equal to the number of distinct image

classes. This approach assumes that the labels are mutually exclusive, and that each image

has only true label. However, this assumption cannot be valid for the verb prediction task,

where multiple verbs can describe the same action from different perspectives (e.g.,lifting

a hat vs greeting). Instead of one-hot vectors, I2A encodes target labels using distributed

lexical representations. The advantage of this approach is that it allows for a more nuanced

representation of target classes (i.e., verbs) beyond simple word labels.

We hypothesise that distributed representations have the potential to encode valuable in-

formation from text that can complement the limitations of the visual modality in the verb

prediction task. Our hypothesis is that a hybrid system combining multiple modalities holds

promise as the optimal approach for addressing abstract tasks, as demonstrated in Figure 3.1.

The following outlines the potential advantages of incorporating lexical embeddings in the verb

prediction task.

(i) Since embeddings can be aggregated into a single vector, we anticipate that I2A will

generate a vector that captures various interpretations of the image action. For example,
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Figure 3.1: It is hypothesised that hybrid systems that use multiple modalities in addition to
visual, can be advantageous for certain vision tasks whose goal is to comprehend concepts and
ideas, rather than just detecting physical objects.

if an image depicts an athlete participating in a sprint race, instead of generating a one-hot

vector solely for the verbrunning, I2A is expected to produce a vector that encompasses

the concepts ofracing, running, andsprinting.

(ii) The utilisation of word embeddings allows I2A to assign classes beyond those seen in

the training data. This is particularly important for verbs with limited training examples

but which have semantic connections to verbs with numerous examples. For example,

if eating is included in the training set and we want I2A to recognisedining despite

its absence in the training data, I2A in this case is expected to produce a vector that

encompasses the concepts ofeating, formal event, andsuits, resulting in a vector that

closely resembles the embedding ofdining.

(iii) Lexical embeddings mitigate the reliance on visual similarity, thus enabling the handling

of non-visual and less visually distinctive verbs. Unlike visual classi�ers, which are

limited by the intra-class similarity of visual features, lexical embeddings provide the

capability to process verbs likecomfortingthat can be performed in different visually

distinctive manners.

(iv) Lexical embeddings are capable of encoding different lexical units and not being limited

to single-word verbs. In English, two prominent examples highlight the signi�cance of

this versatility. The �rst is verb-particle pairs that convey a different meaning compared

to the verb alone (e.g.stickvsstick up). The second is multi-word expressions comprised

of verbs and conventionalised objects that express a meaning that cannot be derived from

their individual parts, i.e. non-compositional meaning (e.g.payvs pay attention).
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Figure 3.2: The I2A framework comprises three components, each represented with a distinct
colour: (1) Image Feature Extraction (in red), (2) Projection into a Lexical Semantic Space (in
blue), and (3) Search in the Lexical Semantic Space (in green). The image feature extractor
shown here is a visual-based in the form of a convolutional neural network (CNN).The inner
box illustrates the the steps involved in both training and testing processes, while the outer box
shows the additional steps required speci�cally for the testing process.

3.2.2 Training and Optimisation

Our proposal takes a different approach to the task of action classi�cation by casting it as a

regression task that predicts a vector in the space of verb embeddings, rather than directly

classifying the action as in traditional systems. This should allow us to explore the the space

of all plausible verbs for describing the action instead of being committed to single verb. The

�ow of images through I2A's components is shown in Figure 3.2. Given an image as input, I2A

predicts a vector that attempts to encode the semantics of the image action, referred to as the

action-encoding vector (the process is discussed in details in Section 3.2.2).

This action-encoding vector is then compared with subset of the lexical semantic space

embeddings speci�ed at test time, and thek classes with the most similar embeddings are

selected. The process can be seen as predicting the latent semantic properties of the action,

which are expressed through the selection of different lexical embeddings.

I2A draws inspiration from prior work in the zero-shot recognition task for objects (Frome

et al., 2013; Palatucci et al., 2009; Socher et al., 2013). However, unlike these studies, I2A

does not have access to a taxonomic hierarchy such as WordNet for objects. These prior studies

utilised the ImageNet dataset, which was constructed based on the WordNet hierarchy, allow-

ing for varying levels of evaluation dif�culty based on the similarity between the training and

evaluation classes. It also could serve as a source of auxiliary information.

Our goal with I2A goes beyond just addressing the zero-shot action recognition task. We
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aim to develop a framework that can decode the diverse meanings of actions, including those

that are not observed during training or less straightforwardly visual, such asgreetingand

comforting.

Training process. The training process of I2A begins by pairing each image with its corre-

sponding vector, represented as distributed embedding, rather than the string label. In a general

setting, the corresponding vector could be a verb embedding or a combination of embeddings

for verbs related to the image. The images and their associated vectors are then fed into I2A as

input (x = image) and output (y = n–dimensional vector), respectively.

The training process of I2A involves two stages. First, the images pass through the im-

age feature extraction component, which produces a compact and dense representation of the

images in the form of either visual features or semantic feature (as discussed Section 3.2.3).

In the second stage, the projection component maps each image feature vector to an action-

encoding vector in the lexical semantic space. The objective of this stage is to position the

action-encoding vector close to the verb vectors that describe the image's action. The loss

is calculated and backpropagated solely to the projection component, updating its parameters

while keeping the weights of the image feature extractor �xed. The rationale for �xing the

parameters of the visual feature extractor is discussed and justi�ed in Section 3.2.3.

To summarise, the objective of the training step is to approximate the embedding of the true

label or the combination of the true labels by utilising only two components of I2A: the image

feature extractor and the projection component. The search component is not involved in the

training process.

Training objective (Loss function). The choice of loss function is crucial for training deep

learning models as performance on certain tasks will bene�t more from particular loss func-

tions than from others. In our work, the function is required to compare and evaluate vectors (or

sets) of real numbers, which means standard loss functions such as the log loss and the mean

squared error cannot be employed. In I2A, we choose a cosine-based function for measuring

loss (Equation 3.2). The function aims to approximate the target vector (i.e., the embedding of

the true class). Practically, I2A cannot achieve this goal but manages to produce a similar vec-

tor, the desired behaviour for the tasks in this thesis. Other loss functions (Yin and Shen, 2018;

Kumar and Tsvetkov, 2019) are also considered for improving prediction accuracy. However,

these functions focus primarily on improving training ef�ciency, and their results show only

minor improvements in overall accuracy.
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Loss = 1 �
1
n

nX

i =1

cos(x i pred ; x i target )

cos(x1; x2) =
x1 � x2

max(kx1k2 � kx2k2)

(3.2)

Test process. The evaluation process necessitates, in addition to the steps involved during

training, the use of a search mechanism to identify the class embeddings that are most similar

to the action-encoding vector. To achieve this, a search function is incorporated as the third

component of I2A. This function takes the action-encoding vector as input, and performs a

k-nearest neighbour search to determine thek closest class embeddings. The labels associated

with these classes are then presented as the �nal prediction.

To summarise, I2A has three main components: (1) an image feature extractor (Section 3.2.3),

which extracts visual features from images; (2) a projection function (Section 3.2.4), which

maps the visual features into a lexical semantic embedding space; and (3) a search function

(Section 3.2.5), which determines the nearest verb vectors to the vector associated to the input

image.

3.2.3 Image Feature Extractor

This section provides a detailed discussion of the �rst component of I2A, presenting the two

types of extractors considered in this thesis. Thevisual feature extractoris a neural network

that extracts dense vector representations of the raw images (e.g., jpeg �les), with the goal of

capturing high-level visual features that are expected to be relevant to the verb prediction task.

The salience of visual features is dictated by the dataset and task used for training the neural

network. That is, the salient features relevant to an image classi�cation task may differ from

those relevant to an instance segmentation task. We detail our approach to devising the visual

feature extractor in the following section, given that it is the main type used for experimentation

throughout this thesis.

The semantic feature extractoron the other hand, extracts features of semantic concepts

associated with the image to produce a dense and high-dimensional vector representation of its

semantic features. It is assumed that the visual concepts have already been associated with the

raw image, either through automatic or manual processes (i.e., training starts with these visual

concepts). The extraction of semantic features can be achieved through various techniques,

such as pooling operations over the embeddings of the visual concepts, or through the use of a

deep neural network pretrained on an NLP task, such as sentence similarity. The experiments

on semantic extractors can be found in Section 6.2.
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3.2.3.1 Visual Feature Extractor

Convolutional Neural Networks (CNNs) are used as the visual feature extractor for I2A. CNNs

are a type of deep learning neural network that are commonly used for image and video recogni-

tion tasks, and their architecture design is inspired by the structure of the human visual system

and the process of visual perception (Goodfellow et al., 2016). CNNs are designed to learn

spatial hierarchies of features from input images (as illustrated by the feature extraction com-

ponent in Figure 3.2) in an automatic and adaptive manner, eliminating the need for manual

feature engineering. The primary layer type in CNNs is convolutional layers, which extract

features from images through the application of convolutional �lters. Despite being introduced

decades ago, it is only in recent years that a rich diversity of CNN architectures has emerged.

In our work, we chose to work with ResNet (He et al., 2016) as the default visual feature

extractor. ResNet is still considered a strong baseline for many computer vision tasks and one

of the best-performing CNN architectures on the ImageNet Large Scale Visual Recognition

Challenge (ILSVRC) (Russakovsky et al., 2015). ResNet comes in various block sizes, and in

this work, ResNet50 was chosen as the default option due to its solid performance and compact

size. More recently, transformers have shown promising results for computer vision tasks (Car-

ion et al., 2020; Dosovitskiy et al., 2021). In this thesis, we have decided to concentrate solely

on CNNs for visual feature extraction, as this area is not a central focus of the work.

Pretrained models. The default image feature extractor in I2A is a CNN model, as previously

noted. In this section, we discuss the use of the ResNet50 model pretrained on the ILSVRC

dataset. ILSVRC, which is a subset of the ImageNet dataset (Deng et al., 2009), consists of

1:2 million images depicting objects in a canonical view and annotated with a single label,

encompassing1000distinct object classes. Pretrained CNNs are conventionally obtained by

removing the task-speci�c softmax layer from a classi�cation model. This layer generates a

probability distribution of the output classes in classi�cation tasks (such as the1000classes in

the ILSVRC classi�cation tasks). The prediction is ultimately made by selecting the class with

the highest probability score.

CNNs pretrained on ILSVRC are proven to be a viable option for transfer learning. Korn-

blith et al. (2019) have demonstrated a positive correlation between performance on ILSVRC

and the transferability to other datasets. That is, they �nd that CNN models that perform well

on ILSVRC also do well as pretrained models. This �nding has also been observed in other

vision tasks such as object detection (He et al., 2016).

In the training process for new tasks, it is customary to further train or �ne-tune the CNN

component for task-speci�c weight adjustments. However, our approach deviates from this
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common practice and retains the original pretrained weights learned from the ILSVRC dataset,

without undergoing any �ne-tuning. This means that in our work the CNN component is

utilised purely for feature extraction, as it remains unaffected and uninvolved in the training pro-

cess. The CNN model employed in our work is obtained from the PyTorch repository (Paszke

et al., 2019).

Feature vectors. The output of the visual feature extractor, such as a CNN, is a high-dimensional

dense vector known as a visual feature vector or image feature vector. The composition of such

feature vectors necessitates an aggregation method to derive and combine visual information

from different parts of the image. In the context of a CNN, this aggregation is performed using

pooling techniques that summarise signals from the feature maps obtained through convolution.

In typical CNNs, feature vectors are obtained through either an average or a max pooling

operation. However, in our work, we adopt a different approach, where feature vectors are ob-

tained by concatenating features extracted from both pooling operations. We hypothesise that

the concatenation enables I2A to extract more comprehensive information from the images,

which is critical given that the image features are not speci�cally engineered for the verb pre-

diction task. The size of the feature vector is dependent on the CNN architecture and pooling

method used, typically ranging from512to 4096dimensions.

In I2A, feature vectors can be calculated in two modes, online and of�ine. This thesis uses

the online mode, which computes feature vectors during the training phase by processing raw

images for each iteration. Conversely, the of�ine mode calculates feature vectors by processing

the entire dataset once and saving the results in a permanent storage. During training, these

feature vectors are used as input, instead of the raw images. Although the online mode incurs

a substantial increase in the duration of training when compared to the of�ine mode, it enables

the application of image augmentation techniques, including geometric transformations (e.g.

rotation, horizontal �ipping, and zooming) and colour space transformations. These techniques

help to regularise the model and reduce the risk of over�tting by providing variations to the

training data (Shorten and Khoshgoftaar, 2019).

3.2.3.2 Semantic Feature Extractor

The previous section introduced the �rst method of extracting features from images using a

visual feature extractor such as CNNs. Although CNNs can handle complex visual shapes and

generate valid representations of visual concepts contained in images, we hypothesise that these

visual features are insuf�cient for the task of verb prediction.

Therefore, an alternative, semantic-based, approach is considered for feature extraction,
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Figure 3.3: Example action-encoding vector that hypothetically encapsulates the representation
of multiple verbs of which we can use to describe the image action.

which encodes the semantic content of images more explicitly, such as information about ob-

jects, spatial relations and scene types. However, this approach requires a reliable oracle, such

as a human annotator or an accurate vision system, making it less practical for real-world ap-

plications. Examination of this approach will be presented in in Section 6.2.

3.2.4 Projection

The second component in I2A is the projection component, which serves as a regressor function

that takes an image feature vector as input and outputs a vector in lexical semantic embedding

space that we refer to as an “action-encoding embedding”. In the simplest case, where images

are assigned one verb only and all classes are observed during training, the action-encoding

vector is expected to be a close estimate of the target embedding (i.e., the embedding of the

true class). That is, the purpose of the training process is to optimise the projection component

so that it accurately matches the image representation with its corresponding label representa-

tion. It's important to note, however, that the action-encoding vector is ultimately designed to

serve as an embedding capable of capturing multiple meanings learned from various classes, as

demonstrated in Figure 3.3.

The projection component is implemented as a two-layer fully connected feedforward neu-

ral network (FNN), with2048nodes in the �rst layer and1024nodes in the second layer. The

number of nodes has been optimised for the size of input feature vector (4096dimensions) and

the action-encoding vector size (300dimensions), but I2A should not be limited to these sizes.

During the training process, only the projector's parameters are updated; they are initialised

randomly.

The action-encoding vector is hypothesised to encode various meanings (or descriptions) of

the action, as demonstrated in Figure 3.3. Word embeddings have been shown to encode distinct

concepts related to a wordform in a single vector (Camacho-Collados and Pilehvar, 2018). For
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example, the embedding ofplay encodes the various senses of the word. While this presents a

challenge for sense disambiguation, it is advantageous for I2A, as the action-encoding vector

is designed to capture diverse action meanings.

3.2.5 Search

As discussed in Section 3.2.2, I2A, speci�cally the regressor component, is incapable of pro-

ducing the precise set of �oating-point numbers that form the distributed representation of

the target. As a result, a search mechanism is needed, which serves to bridge this gap. The

search component accepts the action-encoding vector generated by the projection component

and outputs the labels of thek closest verbs similar verbs. The search component requires the

speci�cation of (1) a search space and (2) a distance measure in this space.

Search space. The search space is the set of classes made available for the search component,

which is not restricted to the set of training classes. The search space is also �exible as it can

be de�ned after training the verb prediction model. The space can be as big as the entire

vocabulary of the embedding model or as small as a subset of training (or seen) classes. The

search space can be viewed as a re�ection to the three learning settings presented in Section 3.1:

it can be either the same set observed in training (the supervised setting), a disjoint from the

one observed in training (the ZSL setting), or a superset that includes all training classes (i.e.,

the GZSL setting).

In our work, a proper de�nition of the search space is particularly crucial for the ZSL

setting. Hence, it may be necessary to determine what actions are required or advantageous for

training and what actions can bene�t from the trained model. For instance, training on classes

with suf�cient resources and testing on classes with limited resources can be a reasonable

approach to use semantic embeddings in ZSL, but other approaches such as categorising classes

based on abstraction, ambiguity, or imageability may also be effective (Coltheart, 1981; Wilson,

1988).

Similarity metric. In I2A, a metric is required to compare the action-encoding vector to each

embedding in the search space. The chosen metric must be ef�cient in terms of computational

speed and memory consumption, as the vectors are often large (up to1000dimensions) and the

search space contains thousands of embeddings. Furthermore, the metric must be precise, as

the embeddings in the space are expected to be very close, as they correspond to a subgroup of

verbs that share many common characteristics. Cosine similarity is a commonly used metric

for measuring the similarity between two vectors. It calculates the cosine of the angle between
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two vectors, which is equivalent to the normalised dot product.

I2A utilises a variant of the cosine metric family, known as the angular distance (Equa-

tion 3.3). This metric has been shown to be more effective in distinguishing highly similar

vectors with small angles between them (Cer et al., 2018). Given that verb embeddings are

likely to cluster in sub-regions of the embedding space, the use of angular similarity is partic-

ularly well-suited for our task. We have used the software of Boytsov and Naidan (2013) for

both the computation of similarity and the performance of nearest neighbour matching.

angular similarity= 1 � angular distance

angular distance=
arccos(cos(x i pred ; x i target ))

�

(3.3)

3.3 Dataset

Dataset selection. In selecting a suitable dataset for our experimental work, we considered

three options, namely imSitu, HICO, and MSCOCO, which are previously described in Sec-

tion 2.2. After careful consideration, we chose the imSitu dataset as the primary focus of our

research. The imSitu dataset serves as a starting point for establishing the validity of the I2A

framework, as it offers the lowest level of complexity among the three datasets considered. This

dataset is well-balanced in terms of the distribution of images per class, and its use of only one

verb label per image makes it suitable for early experimentation of I2A framework. Moreover,

imSitu comes with a comprehensive annotation of image content, which further supports its

suitability for our research.

The situation recognition dataset (imSitu). The dataset contains structured and compre-

hensive annotations of actions occurring in126; 102images. Each image is annotated with a

single verb describing the action, the objects involved, and their respective roles in the action.

Images are distributed across504classes (or verbs), and the number of images per verbs ranges

between200 and400 images, indicating that the dataset is relatively balanced, compared to

other datasets considered such as HICO and MSCOCO. Figure 3.4 shows a set of examples

taken from the original paper (Yatskar et al., 2016) along with their structured annotations (or

situations as refereed to in the dataset). The image on the right shows a �reman spraying water

on �re and is labelled with the following situation:S =
�

spraying , f (agent , fireman ),

(source , hose ), (substance , water ), (destination , fire ), (place , outside )g
�
.

In this dataset, each verb (or class) is associated with a set of �xed roles derived from

FrameNet, with an average of3:5 roles per verb. The values corresponding to these roles are
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Figure 3.4: Examples from Yatskar et al. (2016) demonstrating six distinct situations, two
of which share the same verb. The �xed roles for each verb are highlighted in blue, while the
values of these roles (shown in green) depend on the speci�c actions depicted in the image and
their corresponding interpretations.

linked to an extensive collection of11:5K WordNet synsets, leading to a vast collection of

distinct image annotations, encompassing over200K situations.

The importance of verbs in imSitu is emphasised through their role in the image selection

process. The authors initially considered almost10K candidate verbs, but narrowed down the

set to1K verbs by eliminating non-visual verbs and those requiring technical background or

advanced literacy. The effort to gather images for these1K verbs led to further reduction to504

due to the scarcity of suitable example images of some verbs. The �nal set of verbs intentionally

excludes ambiguous verbs such asPLAYING; however, it also includes near-synonyms, making

it dif�cult to differentiate between them and treat them as separate concepts, such asPHON-

ING andTELEPHONING andPEEING andPISSING. Additionally, some verbs may also prove

dif�cult to distinguish given the static nature of images, such asLAUGHING andGIGGLING.

Conversely, certain pairs of verbs exhibit nuanced but important differences, such asBIK -

ING andRIDING (where biking is a type of riding),DIALLING andPHONING (where dialling

is a sub-activity of phoning), andPACKAGING andPACKING. These subtle distinctions are of

signi�cance in the context of this thesis and make the imSitu dataset a promising resource for

experimentation.

The signi�cance of verbs in imSitu is further underscored by their contribution to the image

annotation process where images are annotated according to the frame of their verbs (i.e., what

objects to label and what are their roles in the action). Various human roles are encompassed

within imSitu. For instance, “man”, the most frequent noun, appears in44:6%of the roles. This

should be a good characteristic for the task addressed in this thesis as we aim to understand

actions with multiple different interpretations. Having images of humans engaged in various

roles stands as a valuable resource for a such task.
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(a) Images labelled with the verbAPPLAUDING. The left image indicates encouragement, the middle
image demonstrates recognition and acknowledgement, and the image on the right conveys celebration.

(b) Images labelled with the verbINSTRUCTING. The left image depicts community engagement, the
middle image demonstrates teaching, and the image on the right indicates training.

(c) Images labelled with the verbMISBEHAVING under different contexts.

(d) Images from three different classes:SPROUTING, BALLOONING, andBLOSSOMING. These classes
are unsuitable for this thesis due to their one-dimensional interpretability.

Figure 3.5: Sample images from the imSitu dataset. The upper three rows display distinct
interpretations of actions within imSitu classes, highlighting the dataset's potential for the thesis
task. The fourth row shows examples of unsuitable classes.
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Our experimentation with the I2A framework on the imSitu dataset will play a crucial role

in determining the feasibility of future experimentation with the remaining datasets, which are

beyond the scope of this thesis. The imSitu dataset is available in two versions, one containing

original images of varying quality, with most being high-quality, totalling a size of34gigabytes.

The second version comprises resized images, with each image scaled down to256� 256pixels,

and has a smaller size of3:7 gigabytes. For our research, we opted for the resized version of

the dataset, primarily due to its compatibility with existing pretrained CNNs and its ef�ciency

in training.

Dataset processing. All experiments are carried out on a �ltered version of imSitu, contain-

ing only images of human actions. As previously discussed in Chapter 1 and 2, this thesis is

particularly concerned with exploring the complex nuances of actions, and human actions were

deemed most suitable for this purpose. Figure 3.5 shows examples of classes deemed appropri-

ate for the task, contrasting with others (displayed in the bottom row) that are not applicable.

The �ltering process were performed by leveraging the comprehensive annotation of imSitu,

which not only annotated the target (class) but also the content of the image. The process in-

volves removing images that are not annotated with labels describing a person or a group of

people. Utilising the WordNet hierarchy, all images in imSitu were removed if they did not

contain in their annotations a synset which was eitherPERSON.N.01, PEOPLE.N.01 or

SOCIAL GROUP.N.01 or a hypernym of one of these two synsets. This process resulted in

a reduction of the number of instances in most classes, particularly those related to non-human

actions such asSPROUTING. Classes were eliminated if their instances were reduced to fewer

than90examples. The �ltering process reduced the number of classes from504to 463and the

total number of images from126; 102to 108; 342.

3.4 Summary

This chapter has provided a formal de�nition of the task of predicting verbs for actions in im-

ages and discussed three possible learning settings for it: supervised learning and two variants

of zero-shot learning (Section 3.1). Section 3.2 introduced the I2A framework and explained

how word embeddings are incorporated in the prediction process. The section also describes the

three components of I2A: (1) the image feature extractor, (2) the projector, and (3) the search

component. Two approaches to image feature extraction are distinguished: a visual-based and

a semantic-based approach. Section 3.3 discussed the process of selecting and preparing the

dataset.



Chapter 4

Initial Experiments with the I2A

Framework

This chapter presents experimental results utilising the I2A framework proposed in the previ-

ous chapter, with default or standard components outlined in Section 3.2. The default visual

feature extractor is ResNet50 pretrained on ILSVRC, and the projection component uses two

layers. To represent target labels, we use the pretrained GoogleNews embeddings, which are

trained using the Continuous Bag of Words (CBOW) method (discussed in Section 2.3.3) on

a large set of text comprising news articles, Wikipedia articles, parliamentary text, non-news

web pages, and other sources, totalling around100billion words. The embedding size is set to

300dimensions, and the vocabulary size is three million words and phrases. These embeddings

have demonstrated good performance in various tasks, as discussed in Section 2.3.3. In this

chapter, we construct models using the GoogleNews embeddings under two learning settings:

supervised (Section 4.1) and zero-shot (ZS) (Section 4.2), with a view to establishing how well

this approach to verb target class representation performs on verb prediction task.

In the remainder of this chapter, we will refer to the model created using this setup as the

I2A model. However, in the subsequent chapters, we will differentiate between model variants

by naming them after their unique components. For example, in Chapter 5, we will refer to

this model as the “google-news” variant to distinguish it from other variants that use different

embeddings. Similarly, in Chapter 6, we will refer to this model as the “ILSVRC” variant

to distinguish it from other variants that use different image feature extractors. The default

settings are also employed in experiments in the subsequent two chapters, varying only the

target label representation in Chapter 5 and the component that extracts features from input

images in Chapter 6.

44
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4.1 Supervised Setting

In this section, we describe the construction of the I2A model under the supervised setting. The

model is trained on labelled images fromall classes, with the objective of learning a mapping

function that can predict an action-encoding embedding based on the input image. The action-

encoding embedding is expected to represent one interpretation of the image action, which

is the same as target label associated with the image. This differs from the zero-shot setting

in Section 4.2 where the model is trained on a subset of verbs and then is expected to be

able to generalise to new, unseen verbs by utilising information encoded in the distributed

representation of related verbs.

4.1.1 Experimental Setup

As previously discussed in Section 3.3, we have selected the imSitu dataset for experimentation

in this thesis. The dataset is split into a75:25 ratio for training and for testing, respectively,

using strati�ed sampling to maintain consistent sampling ratios across classes.

The 1cycle learning rate policy (Smith, 2018) has been applied, with1 cycle and20 it-

erations or epochs per cycle. The 1cycle policy cyclically varies the learning rates between

two previously speci�ed bounds (as shown in Figure 4.1), promoting super-convergence and

leading to a greater boost in performance in less training time compared to standard training

policies. All experiments in this thesis follow the same setup and use the same hyperparameters

unless stated otherwise.

The model has approximately34million parameters, of which only11million are trainable,

all located in the projection component. Figure 4.2 shows the loss and top1 accuracy over

training epochs. Although the left plot shows some indications of over�tting, we decided to

train the model for20 epochs instead of10. This is because the over�tting signal is based on

an intermediate output (i.e., action-encoding vectors) which may not necessarily translate to

a direct impact on the �nal output (i.e., verb labels). It is worth noting that the loss function

not being directly linked to the evaluation criteria is a common issue in machine learning, as

discussed in Qin et al. (2008). Therefore, while we should be mindful of this issue, it may not

necessarily be a signi�cant concern in this particular case.

4.1.2 Baselines

In this section, we introduce three baselines to compare with the I2A model. The purpose of

these baselines is to establish a performance range against which we can measure the model's

effectiveness. The �rst baseline (random prediction) serves as a lower-bound, and the second
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Figure 4.1: The diagram, reproduced from Smith (2018), depicts how learning rates changes
cyclically over batches. The blue lines represent learning rate values changing between bounds.

Figure 4.2: Performance over epochs. The left plot shows loss, and the right plot shows top1
accuracy.

(vis-proto) allows us to directly compare the use of visual representations of the target class

with the use of lexical semantic embeddings. The third (label-cls) acts as an upper-bound. The

performance of these baselines is discussed in the following section, along with the I2A model.

1. Random prediction acts as the lower bound on the level of performance that can be ex-

pected when assessing a model trained on a dataset of463 classes. This baseline randomly

selects �ve predictions for each test image. These random predictions are then fed to the eval-

uation code to calculate top1 and top5 accuracy. Alternatively, accuracy can be calculated

directly via Equations 4.1 and 4.2, whereCT is the set of test (target) classes.

Top1 accuracy=
1

jCT j
(4.1)

Top5 accuracy=
5X

i =1

1
jCT j � (i � 1)

(4.2)

2. Visual prototype prediction (vis-proto) follows the same process devised for I2A and uses

all of its three components. The only difference is that it uses visual class prototypes or exem-

plars as the target vectors instead of the lexical semantic embeddings. The class prototypes are
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Figure 4.3: The process of creating the class prototype for a single class.

calculated using visual features extracted from images in the imSitu training set. The visual

features are grouped by class and then aggregated using the average mean pooling operation,

resulting in a single vector that is used as the target vector for class instances (Figure 4.3). By

excluding lexical semantic information and having the same learning complexity as I2A, this

baseline provides a controlled comparison against the results of I2A.

3. Direct label classi�cation (label-cls) is a conventional image classi�er that acts as the up-

per bound on the level of performance that can be obtained for a model trained on a dataset

of 463 classes. The classi�er consists of: (1) the CNN module, (2) the penultimate layers,

and (3) the softmax layer. The �rst two components are similar to the I2A framework. The

CNN module of the classi�er is the same image feature extractor used to train the I2A model

(i.e., ResNet50 and pretrained on the ILSVRC dataset with frozen weights). The penultimate

component has the same architecture as the projection component of I2A, and the classi�er has

the same training hyperparameters as I2A, which were discussed in Section 4.1.1. The primary

difference lies in the third module, where the classi�er uses a softmax layer, whereas I2A uses

a search component. That means that during training, only the weights of the penultimate and

softmax layers are updatable.

4.1.3 Results

In this section, we analyse the performance of the I2A model and compare it to the baselines

introduced earlier, highlighting the strengths and limitations of I2A. To evaluate the model's

performance, we use the macro-averaging accuracy metric, which is more appropriate than the
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Table 4.1: Comparison of I2A model performance with baseline models.

Top1 Top5

I2A model 32.48 51.45

random prediction 00.21 01.08
visual prototype prediction (vis-proto) 21.49 41.77
direct label classi�cation (label-cls) 37.04 63.18

micro-averaging accuracy given that the imSitu dataset is slightly imbalanced. Equation 4.3

shows the formula for this metric whereAcci is the accuracy for classi .

Accmacro =
Acc1 + Acc2 + � � � + Acck

k
(4.3)

The results presented in Table 4.1 clearly demonstrate the superior performance of the I2A

model over the random prediction baseline (with a top1 accuracy of32:48% compared to

00:21%) and the visual prototype prediction (vis-proto) baseline (with a top1 accuracy of

32:48%compared to21:49%). The results highlight the contribution of textual information in

I2A. However, the model falls short of the direct label classi�cation baseline, which achieves a

top1 accuracy of37:04%.

Despite not matching the performance of the direct label classi�cation baseline, the perfor-

mance of I2A model is still promising given the challenge of producing dense vectors instead

of one-hot vectors and the potential bene�ts of incorporating textual information for predicting

previously unseen verbs. These bene�ts will be discussed further in Section 4.2.

In addition to using the macro-averaging accuracy metric, the F1 metric is also applied to

measure the model performance. F1 yields similar results. We have opted to use the macro-

averaging accuracy metric due to its wide adoption in image classi�cation tasks and for mea-

suring the performance of topk. Throughout the rest of this thesis, we will refer to macro-

averaging accuracy as the accuracy metric. We will only use F1 sparingly, and solely to show

the performance of individual classes when required.

4.1.4 Cross-Baseline Analysis

Qualitative analysis. To study the effect of textual information on I2A, we conducted a qual-

itative analysis of the I2A model and compared its performance on individual classes with that

of the visual prototype prediction baseline (vis-proto). Table 4.2 categorises the classes into

three groups based on I2A performance compared to vis-proto: (1) signi�cantly better, (2)

signi�cantly worse, and (3) the same.
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Table 4.2: Comparison of the I2A performance with the visual prototype (vis-proto) model
on speci�c individual classes. The classes are divided into three groups: (1) those in which
I2A performs signi�cantly better, (2) those in which I2A performs signi�cantly worse, and (3)
those in which both models perform equally bad.

I2A >> vis-proto I2A << vis-proto performing the same

LEADING NAGGING RAFTING PROWLING SURFING PRACTICING

FRISKING MOURNING POTTING MICROWAVING READING GRIMACING

PINCHING KNEELING FORDING LAUNCHING PAYING STARING

HITTING MEASURING MOWING FLOSSING RIDING CHOPPING

FLINGING GRINNING FLEXING PANHANDLING STRIKING FLOATING

The �rst group includes classes where the I2A model performed signi�cantly better com-

pared to vis-proto; a group that greatly bene�ts from semantic information. One of the goals

of the thesis is to investigate the characteristics of these classes and what makes them good

candidates for I2A. At �rst look, these classes seem to be less concrete; some are ambiguous,

such asHITTING, and others are abstract, such asLEADING, NAGGING, andMOURNING. This

group may provide some insights on where I2A can be used to unlock abstract interpretations

of classes.

Classes in the second group exhibited strong associations with speci�c objects or a small

set of objects. For instance, images ofLAUNCHING always contain rockets and images ofMI -

CROWAVING always contain microwaves. These objects are classes in the pretraining dataset

(ILSVRC) of the image feature extractor, and therefore the corresponding classes in imSitu are

easily predicted without an additional information from the auxiliary medium (i.e., the distri-

butional embeddings). Section 4.1.7 explores the relationship between the classes of ILSVRC

and imSitu.

The third group consists of classes on which both models performed poorly (i.e., near zero-

accuracy performance). We are unsure why the two models underperformed on these classes.

However, since the two models share the same framework design, we believe that these classes

should help further investigate inherit limitations of the I2A framework.

Quantitative analysis. In previous chapters, we put forth the hypothesis that conventional

image classi�ers may not excel in identifying abstract interpretations of image actions, and we

recommended integrating word embeddings to improve their performance. To test this claim,

we conducted a cross-baseline analysis by comparing the performance of the I2A model to

two baselines (label-cls and proto-vis) on two sets of classes: concrete and abstract. We will

elaborate on this categorisation further in Section 4.2.5.
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Table 4.3: I2A performance compared to the baselines on two subsets of imSitu classes: the
67 most concrete and the67 least concrete. It also shows the performance margin difference
between the two sets. Section 4.2.5 discusses the identi�cation of these classes in detail.

Least Concrete Most Concrete % Difference

I2A model 22.23 39.70 78.59
visual prototype prediction (vis-proto) 15.14 27.73 83.16
direct label classi�cation (label-cls) 29.03 42.48 46.33

Based on the results presented in Table 4.3, our �ndings indicate that all three models

displayed notably inferior performance on abstract classes when compared to their performance

on concrete classes, which was in line with our expectations for the baselines. The I2A model,

however, is initially assumed to outperform the others on abstract classes, but this did not occur.

In fact, the performance gap between the two sets was more pronounced for the I2A model than

for the label-cls baseline.

Section 4.2 will further examine the I2A model's performance on unobserved abstract and

concrete classes. Additionally, the next chapter will propose methods for addressing the I2A

model's underperformance on abstract classes by enhancing and customising the lexical se-

mantic representation of actions.

4.1.5 Performance Variation

In this section, we examine the performance variation of the I2A model from different perspec-

tives. Firstly, we assess the performance variance across multiple samples of training images.

In particular, we conducted a 4-fold cross-validation experiment with individually strati�ed

folds to assess I2A's robustness. The results, shown in Table 4.4, indicate that I2A has con-

sistent performance across all four folds, demonstrating robustness against instance variations

caused by sampling.

Next, we investigate the variation in I2A's performance across individual classes, which

is observed to be substantial. For top1 accuracy, a quarter of the classes exhibit zero accu-

racy, resulting in a right-skewed distribution, as illustrated by the left histogram in Figure 4.4.

Only a small fraction of classes perform above75%, while many perform below25%. On

the other hand, top5 accuracy has a more symmetrical distribution, and the performance gap

across classes is less pronounced, with the number of classes scoring above75%being similar

to the number of classes scoring below25%. The right-skewed distribution of top1 accuracy

is concerning and calls for further investigation. Sections 4.1.6 and 4.1.7 delve into the causes

and seek to determine whether it is a fundamental limitation of I2A or a dataset-speci�c issue
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Table 4.4: Performance of the I2A framework based on 4-fold cross-validation. The �rst fold
(CV1) is the one used to build the model in Section 4.1.3.

CV1 CV2 CV3 CV4

Top1 32.48 32.74 32.67 32.92
Top5 51.45 51.54 51.12 51.68

Figure 4.4: Histograms illustrating the distribution of class accuracy, where the x-axis rep-
resents accuracy ranging from0% to 100%and the y-axis indicates the number of classes
(frequency).Left: shows the distribution of top1 accuracy.Right: shows the distribution of
top5 accuracy.

related to imSitu.

Additionally, we analyse the distribution of class predictions during evaluation to deter-

mine whether the I2A model shows a bias towards predicting certain classes. We observe

that the model generates a skewed prediction distribution despite the test set having between

36 and98 examples for each class. That is, a small number of classes receive a large por-

tion of the predictions (e.g., four out of the463classes account for12%of test predictions),

while a large number of classes receive no predictions (38 classes, which constitute8% of all

classes). Table 4.5 shows the ten most frequently predicted classes. Importantly, the over- or

under-prediction of certain classes is not attributed to high sensitivity to the number of training

examples. This is evident from the training set, which does not exhibit the same skewness ob-

served in the prediction distribution. Additionally, a weak correlation (r-value=� 0:03) between

prediction frequency and training size further supports this �nding. Nonetheless, the predic-

tion distribution remains a fundamental underlying cause of the performance variation between
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Table 4.5: The I2A model's ten most predicted classes, including the number of predictions
made for each class, as well as the corresponding number of examples in the evaluation set.

Class Predictions Eval-Set Class Predictions Eval-Set

1. RUBBING 1308 68 6.SMILING 245 64
2. PUTTING 786 97 7.THROWING 241 93
3. TALKING 603 64 8.REPAIRING 239 87
4. FLINGING 397 83 9.JUMPING 222 58
5. GLUEING 286 71 10.ARRESTING 220 54

classes observed earlier, particularly given the evaluation metric we have adopted.

4.1.6 Understanding Model Failures

To gain insights into the performance of the I2A model, it is important to conduct a thorough

analysis of its failures. This section presents the results of a confusion analysis, an investigation

into the impact of polysemous classes, and a misprediction analysis, all aimed at identifying

areas where the model can be improved.

Confusion analysis. With a dataset as large as imSitu, displaying a confusion matrix of size

463� 463can be overwhelming. Instead, in this section, we present a more focused approach

to identify the most confusing classes. Speci�cally, we focus on the top12 classes that are

mistakenly predicted as true classes, along with the corresponding true classes, as presented in

Table 4.6.

To determine which classes are the most confusing, we use a criterion where a class (p) is

considered confusing if the model predicts it incorrectly as the true class (t) for more than20%

of the images belonging to classt. For instance, if the evaluation set has60 images for classt,

and15of them are incorrectly predicted as classp, then we consider classp to be a confusing

class. By using this approach, we can provide more targeted insights into the most common

classi�cation errors made by the model.

The confusion table reveals thatRUBBING is the most confusing for the model, with26other

classes mistakenly predicted asRUBBING. Many of these classes lack any apparent semantic

or visual correlation withRUBBING. Even when considering that some of these classes may

in fact share similarities or contextual relevance withRUBBING, it is unclear why the model is

�xated on predictingRUBBING instead of a more appropriate related class.

The second most confusing class for the model isTALKING , with 13 other classes mistak-

enly predicted asTALKING . Some of these classes, likeSAYING, are near-synonyms, while
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Table 4.6: The top12 most confusing classes (p), where the I2A model frequently confuses
classt with classp. The �rst row shows that the model mispredicts a signi�cant proportion of
images from26classes asRUBBING.

Predicted class (p) True classes (t)

RUBBING (26)

GIGGLING, YAWNING , WINKING , WHISTLING, SNIFFING, POKING,
PUCKERING, LICKING , BITING, NIPPING, TILTING , IGNORING,
TICKLING , LATHERING, SCRATCHING, SMEARING, WIPING,
COVERING,PINCHING, SLAPPING, STROKING, YANKING ,
PERSPIRING, PATTING, NUZZLING, CLINGING

TALKING (13)
SCOLDING, IGNORING, LECTURING, TRAINING, SAYING,
SPEAKING, ENCOURAGING, ASKING, COMMUNICATING,
DISCUSSING, DISCIPLINING, NAGGING, REASSURING

ARRESTING(6)
DETAINING, HANDCUFFING, FRISKING, RESTRAINING,
APPREHENDING, SUBDUING

SMILING (5) WRINKLING , CRYING, SQUINTING, WINKING , GRINNING

TILLING (5) HOEING, FARMING, MOWING, PLOWING, SOWING

CHEWING (4) GNAWING, EATING, PUCKERING, BITING

GIGGLING (2) POUTING, DROOLING

REPAIRING (2) INSTALLING , FIXING

THROWING (2) PITCHING, FLINGING

PEDALLING (2) RIDING, BIKING

PHONING (2) CALLING , TELEPHONING

RECOVERING(2) RECUPERATING, AILING
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others convey variations in the action's interpretation, such asDISCUSSING, NAGGING, and

ENCOURAGING. We argue that the model's predictions for many instances of these cases are

correct, even though they contradict the ground truth labels. The same observation applies to

other classes in the table, such asARRESTING, TILLING , REPAIRING.

Eight out of the12classes shown in the table are partially attributed to either near-synonymy

or different levels of related meaning. It is worth mentioning that imSitu contains many seman-

tically similar classes, posing dif�culties for both the textual modality (lexical embeddings of

target labels) and the visual modality (image feature extractor), as synonymous classes tend to

have visually similar images as well as similar lexical embeddings. The remaining three classes

(SMILING, CHEWING, andGIGGLING) highlight a distinct challenge as they resemble distinct

facial expressions that the image feature extractor may struggle to capture useful features for.

Further discussion on these issues, particularly with respect to classRUBBING and the three

facial expression classes, is provided in the following paragraph.

Visual aspects of the most confusing class.ClassRUBBING by itself manifests many chal-

lenges. Firstly, it is a motion-based action, which makes it dif�cult to detect from still images.

Secondly, it lacks any clear association with particular objects, which affects the image feature

extractor's ability to extract visually discriminative features. Furthermore, the image feature

extractor used in the I2A model is a CNN solely trained on the ILSVRC dataset, consisting

of objects in canonical views. As a result, the feature extractor struggles to distinguish subtle

differences among contact-based actions (e.g.,LATHERING, TICKLING , andSCRATCHING) or

facial expressions (e.g.,GIGGLING andWINKING ). The feature extractor's inability to produce

distinctive features for these classes leads us to believe that it sees no difference between them,

and consequently merges a signi�cant portion of them into the classRUBBING.

Performance of polysemous classes.Lexical ambiguity is a signi�cant factor that may con-

tribute to the confusion observed earlier in this section. To identify potentially polysemous

classes in imSitu, we can count their number of senses in WordNet and select those with more

than the average number of senses for imSitu classes, which is5:6. Among the top12confusing

classes from Table 4.6, only three meet this criterion:TALKING ,THROWING, andRECOVER-

ING. We also explored the relationship between polysemy and class accuracy. On average,

polysemous classes (i.e., those with more than six senses) scored26:93%for top1 accuracy,

compared to34:31%for non-polysemous classes. This difference is more pronounced in ex-

treme cases, where classes with more than ten senses averaged a score of23:94%, while classes

with less than three senses averaged37:65%.
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Top1 misprediction analysis. In the rest of this section, we will present an instance-based

analysis of the model's incorrect predictions. In the �rst analysis, we randomly sampled200

images from the incorrect top1 predictions to determine if any of these mispredictions can

be considered as “plausibly correct”. We consider a prediction to be plausibly correct if it

(a) describes a related but different action in the image, such as an image showing a person

CRYING while be comforted could also be labelled asCOMFORTING, or (b) suggests a different

meaning of the action, such as an image labelled asMOURNING being appropriately labelled

as CRYING. Most of the observed instances fall under the second category, which is highly

relevant to our thesis. We found that27%of the incorrect top1 predictions could be considered

“plausibly correct” despite not being ground truth according to the dataset annotation. This

implies that if we were to apply a different evaluation approach, the I2A model's top1 accuracy

could potentially increase to50:7%. Figure 4.5 shows a sample of mispredictions where (a)

and (b) provide examples of the two categories.

Furthermore, we conducted an additional experiment by selecting200images with incorrect

top1 predictions, but correct top5 predictions based on the ground-truth labels. The goal of this

experiment was to identify better-quality predictions. Our analysis revealed that36%of the

predictions in this sample had top1 predictions that were considered “plausibly correct”. While

this percentage represents an increase compared to the previous sample, where only27%of the

predictions were plausibly correct, we had hoped for a more substantial increase to strengthen

our argument about generating multiple levels of meaning. Nonetheless, our analysis suggests

that the I2A model has the ability to generate high-quality predictions beyond just the top1

prediction, indicating its potential to capture various levels of meaning.

4.1.7 Discussion

The purpose of this section is to investigate the possible reasons behind the �ndings presented

in Sections 4.1.5 and 4.1.6. We will delve into four potential factors that could contribute to the

observed results. Two of these factors are related to the distributed representation of the target

labels, while the remaining two are associated with the visual feature extractor and the imSitu

images. Through a detailed analysis of these factors, we aim to gain a better understanding of

the underlying mechanisms that affect the outputs obtained in the previous sections.

The effect of lexical embeddings on accuracy. To explore the impact of lexical embeddings

on accuracy, we observe the position of three groups of classes: easy, hard, and regular. Easy

classes are those that the model predicts accurately with high performance, while hard classes
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