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Abstract

This thesis develops and evaluates computational models that generate natural
language descriptions of visual content. We build and examine models of
language and vision to gain a deeper understanding of how they reflect the
relationship between the two modalities. This understanding is crucial for
performing computational tasks. The first part of the thesis introduces three
studies that inspect the role of self-attention in three different self-attention
blocks of the object relation transformer model. We examine attention heat-
maps to understand how the model connects different words, objects, and
relations within the tasks of image captioning and image paragraph generation.
We connect our interpretation of what the model learns in self-attention
weights with insights from theories about human cognition, visual perception,
and spatial language. The three studies in the second part of the thesis investi-
gate how representations of images and texts can be applied and learned in
task-specific models for image paragraph generation, embodied question
answering, and variation in human object naming. The last two studies in
the third part examine properties of human-generated texts that multi-modal
models are expected to acquire in image paragraph generation as well as
perceptual category description and interpretation tasks. We analyse discourse
structure in image paragraphs produced with different decoding methods.
We also inspect whether models of perceptual categories can abstract from
visual representations and use this knowledge to generate descriptions that
exhibit discriminativity levels important for the task. We show how automatic
measures for evaluating text generation behave in a comparison of model-
generated and human-generated image descriptions. This thesis presents
several contributions. We illustrate that, under specific modelling conditions,
self-attention can capture information about the relationship between objects

and words. Our results emphasise that the specifics of the task determine the



manner and context in which different modalities are processed, as well as the
degree to which each modality contributes to the task. We demonstrate that
while favoured by automatic evaluation metrics in different tasks, machine-
generated image descriptions lack the discourse complexity and discriminative
power that are often important for generating better, human-like image

descriptions.



Sammanfattning

Denna avhandling utvecklar och utvirderar datormodeller som genererar
beskrivningar i naturligt sprak av visuellt innehéll. Vi byggar och undersoker
modeller av sprak och seende for att fa en djupare forstaelse for hur de
reflekterar relationen mellan de tvd modaliteterna. Denna forstdelse ar av-
gorande vid utférande av olika uppgifter. Avhandlingens forsta del introduc-
erar tre studier som undersoker vilken roll sjalvuppmarksamhet (self-attention)
spelar i tre olika sjalvuppmarksamhetsblock i transformermodellen f6r objekt-
relationer. Vi undersoker uppmarksamhetskartor (attention heatmaps) for
att forstd hur modellen kopplar samman olika ord, objekt och relationer vid
bildtextning och bildparagrafgenerering. Vi kopplar ihop var tolkning av vad
modellen ldr sig i sjdlvuppmarksamhetsvikterna med insikter fran teorier
om mansklig kognition, visuell perception och spatialt sprak. De tre studier
i avhandlingens andra del undersoéker hur multimodala representationer
av bilder och texter kan tillimpas och laras i uppgiftsspecifika modeller
tor bildparagrafgenerering, forkroppsligat fragebesvarande och variation i
maénsklig objektbendmning. De tva sista studierna i avhandlingens tredje del
undersoker egenskaper hos ménskligt framstallda texter som multimodala
modeller forvantas forvérva vid bildparagrafgenerering samt beskrivning
och tolkning av perceptuella kategorier. Vi analyserar diskursstrukturer i
bildparagrafer skapade med olika avkodningsmetoder. Vi undersoker ocksa
huruvida modeller av perceptuella kategorier kan abstrahera fran visuella
representationer och anvinda denna kunskap for att generera beskrivningar
som kan diskriminera péd nivder som dr viktiga for uppgiften. Vi visar hur
automatiska dtgarder for att utvirdera textgenerering beter sig i en jamforelse
av modellgenererade och ménskliga genererade bildbeskrivningar. Avhandlin-
gen presenterar flera bidrag. Vi visar att sjdlvuppmarksamhet under specifika

modelleringsforhallanden kan reflektera information om forhallandet mellan
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objekt och ord. Vara resultat indikera att en uppgifts specifika utformning
avgor pd vilket sitt och i vilken kontext olika modaliteter bearbetas, samt i
vilken utstriackning varje modalitet bidrar till uppgiften. Vi demonstrerar att
medan datorgenererade bildbeskrivningar favoriseras av automatiska utvérder-
ingsmatt vid olika uppgifter, saknar de den diskurskomplexitet och diskrimina-
tiva kraft som ofta dr viktig for att generera bdttre och mer ménskliga bildbe-

skrivningar.
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Chapter 1: Introduction

Developing a computational model that understands the visual world and can
use language to describe it or execute actions has been an important challenge
for researchers in artificial intelligence and natural language processing. The
social need for such systems is clear; for example, they can assist the elderly
with physical tasks e.g., bringing a fork from the kitchen'. However, building
such a system is challenging as it must have specific skills to be able to bring
the fork from the kitchen to a person. First, the agent has to be embodied, it
needs to have sensors and actuators to interact with the environment. Then,
it needs to have the ability to recognise objects in the kitchen, understand
what a fork is, identify the fork, and navigate towards it. Each of these tasks
is a specific downstream task and researchers often focus on modelling these
tasks individually.

We focus on computational tasks that share a common denominator:
they all require models to operate with two modalities, language and vision,
and the computational processing of these two is the central backbone of this
thesis. There are many other modalities such as sound or speech, but this
thesis does not explore them and assumes that “multi-modal” here means a
combination of linguistic and visual information. While we do not present a
model with all possible modalities, our work offers models and their analysis
that work with two of them in the context of language-and-vision tasks. There
are many computational language-and-vision tasks, for example, - in in-
creasing order of complexity -, image description generation (Bernardi et al.,

2016), visual question answering (Antol et al., 2015), and visual dialogue (Das,

'An argument in favour of building systems that have visual and linguistic abilities has been
proposed by us here: https://spraakbanken.gu.se/en/news-and-events/conferen
ces-and-workshops/sustainable-language-representations/position-stateme
nts


https://spraakbanken.gu.se/en/news-and-events/conferences-and-workshops/sustainable-language-representations/position-statements
https://spraakbanken.gu.se/en/news-and-events/conferences-and-workshops/sustainable-language-representations/position-statements
https://spraakbanken.gu.se/en/news-and-events/conferences-and-workshops/sustainable-language-representations/position-statements
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Kottur, et al., 2017; De Vries et al., 2017; Dobnik and Silfversparre, 2021; Haber
et al,, 2019; Ilinykh, Zarrief3, et al., 2019a). The more complex computational
tasks often assume proficiency in easier tasks, albeit each task has its own set
of requirements to be met. In image description generation the model must
choose how and what to describe in images. When models are answering
questions about images, they should focus on relevant parts of the image and
be guided by the question that directs their attention.

We investigate the processing of image and text representations by com-
putational models, examine configuration options for these representations,
and offer recommendations for constructing systems capable of performing
multi-modal tasks which require such representations. In the first part of the
thesis we work with a transformer-based model (Vaswani et al., 2017) called
object relation transformer (Herdade et al., 2019). Transformer-based models
have been adopted in many tasks that are either linguistic or visual. Here we
build and use these models in the context of multi-modal tasks and study the
behaviour of self-attention in them. We focus on two tasks: image captioning
and image paragraph generation. The second part of the thesis explores the ap-
plication of representations from pre-trained models like DenseCap (Johnson
etal., 2016) and CLIP (Radford, Kim, et al., 2021) in the context of downstream
tasks such as image paragraph generation and variation in human object nam-
ing. As visual features we encode information from bounding boxes of objects
in images. As textual features we use embeddings of object labels. We also
examine how models use representations of images and questions learned
from scratch in the context of embodied question answering task. The third
part of the thesis inspects the output of transformer-based image description
models for image paragraph generation and performance of the models in
perceptual category description generation and interpretation tasks. The latter
task defines a perceptual category as a combination of features that determine
the membership of a specific object in this category, e.g. instances of ravens

form a “raven” category. For the image paragraph generation task, we analyse
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the discourse structure in texts that are generated by humans and examine
if models replicate this structure in their descriptions of images. We also
study the extent to which the scores from automatic measures evaluating
text generation reflect information about the discourse structure in image
paragraphs. We also examine how transformer-based models describe and
interpret categories with either visual features of images of instances from
these categories or learned category representations. We study the discrimina-
tivity in model-generated descriptions of perceptual categories and inspect
how descriptions with different levels of discriminativity are useful for the
task of perceptual category interpretation.

The studies that we present focus on building and evaluating a range of
computational architectures for modelling human language known as “lan-
guage models”. These models are in part responsible for recent technological
developments in natural language processing and AI (Bommasani et al., 2021).
Most of the research described in this thesis has been conducted during a
period when talking about language models became synonymous with dis-
cussing “artificial intelligence” in the eyes of both the general public and
research communities. This is not surprising because language models today
perform well in many tasks; they are commonly used for editing, searching,
summarising, and so on. Our studies are timely because language models are
being introduced at such a fast rate and used for purposes that can involve
critical decisions. The same goes for the design and use of systems in further
research: models are often chosen based on popularity and availability rather
than on their performance and suitability for the task. Therefore, we need a

deeper understanding of the capabilities and shortcomings of these models.



Chapter 2: Research questions

This thesis addresses the following research questions:

1. Research Question I: What is the role of self-attention in the multi-
modal transformer trained for such image description tasks as image
captioning and image paragraph generation? Does such self-attention
capture representations and structures which can be linguistically and
cognitively interpreted? Three studies in Section 5.1 primarily address

this question.

2. Research Question II: How can multi-modal representations of objects
labels and regions be applied in three different tasks such as image
paragraph generation, embodied question answering and variation in
human object naming? Do models designed for these three tasks learn
from such multi-modal representations? Three studies in Section 5.2

address this question.

3. Research Question III: Can multi-modal neural models generate texts
with similar discourse structure as human-generated texts in the image
paragraph generation task? Can models of perceptual category descrip-
tion and interpretation abstract from visual representations and use
this knowledge to generate descriptions that exhibit discriminativity
levels that are important for the task? How do model-generated and
human-generated texts compare and how do automatic measures for
evaluating text generation fare in this comparison? Two studies in

Section 5.3 answer these questions.

Chapter 4 introduces the necessary technical background and places this

thesis within the current research in multi-modal NLP. Chapter 5 contains
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summaries of studies with each of them outlining a motivation for a specific

study, key results and questions and implications for future work. We also

introduce relevant background that is specific to studies in different parts of

this chapter. Chapter 6 includes research papers that have been previously

published and which correspond to the core contribution of this thesis. Lastly,

Chapter 7 outlines lessons learned from the whole thesis and provides ideas

for future work.

Chapter 6 presents published research studies (peer-reviewed) that con-

stitute the core contribution of this thesis. Below I list these studies in the

order they appear in this thesis.

(i)

(ii)

(iii)

How Vision Affects Language: Comparing Masked Self-Attention in
Uni-Modal and Multi-Modal Transformer. Nikolai Ilinykh and Simon
Dobnik. 2021. In Proceedings of the 1st Workshop on Multimodal
Semantic Representations (MMSR), pages 45-55, Groningen, Nether-
lands (Online). Association for Computational Linguistics. Available
at: https://aclanthology.org/2021.mmsr-1.5/

What Does a Language-And-Vision Transformer See: The Impact of
Semantic Information on Visual Representations. Nikolai Ilinykh and
Simon Dobnik. 2021. Frontiers in Artificial Intelligence: Identifying,
Analyzing, and Overcoming Challenges in Vision and Language Re-
search, 4, 767971. Available at: http://dx.doi.org/10.3389/frai.
2021.767971

Attention as Grounding: Exploring Textual and Cross-Modal Atten-
tion on Entities and Relations in Language-and-Vision Transformer.
Nikolai Ilinykh and Simon Dobnik. 2022. In Findings of the Asso-
ciation for Computational Linguistics: ACL 2022, pages 4062-4073,
Dublin, Ireland. Association for Computational Linguistics. Available
at: https://aclanthology.org/2022.findings-acl. 320/


https://aclanthology.org/2021.mmsr-1.5/
http://dx.doi.org/10.3389/frai.2021.767971
http://dx.doi.org/10.3389/frai.2021.767971
https://aclanthology.org/2022.findings-acl.320/

(iv)

(v)

(vi)

(vii)

(viii)

COMPUTATIONAL MODELS OF LANGUAGE AND VISION

When an Image Tells a Story: The Role of Visual and Semantic Infor-
mation for Generating Paragraph Descriptions. Nikolai Ilinykh and
Simon Dobnik. 2020. In Proceedings of the 13th International Con-
ference on Natural Language Generation, pages 338-348, Dublin, Ire-
land. Association for Computational Linguistics. Available at: https:
//aclanthology.org/2020.inlg-1.40/

Look and Answer the Question: On the Role of Vision in Embodied
Question Answering. Nikolai Ilinykh, Yasmeen Emampoor, and Simon
Dobnik. 2022. In Proceedings of the 15th International Conference
on Natural Language Generation, pages 236-245, Waterville, Maine,
USA and virtual meeting. Association for Computational Linguistics.
Available at: https://aclanthology.org/2022.inlg-main.19/

Context matters: evaluation of target and context features on varia-
tion of object naming. Nikolai Ilinykh and Simon Dobnik. 2023.
In Proceedings of the 1st Workshop on Linguistic Insights from and
for Multimodal Language Processing, pages 12-24, Ingolstadt, Ger-
many. Association for Computational Linguistics. Available at: https:
//aclanthology.org/2023.1imo-1.3/

Do Decoding Algorithms Capture Discourse Structure in Multi-Modal
Tasks? A Case Study of Image Paragraph Generation. Nikolai Ilinykh
and Simon Dobnik. 2022. In Proceedings of the 2nd Workshop on
Natural Language Generation, Evaluation, and Metrics (GEM), pages
480-493, Abu Dhabi, United Arab Emirates (Hybrid). Association for
Computational Linguistics. Available at: https://aclanthology.o
rg/2022.gem-1.45/

Describe Me an Auklet: Generating Grounded Perceptual Category
Descriptions. Bill Noble* and Nikolai Ilinykh*. 2023. In Proceedings

of the 2023 Conference on Empirical Methods in Natural Language


https://aclanthology.org/2020.inlg-1.40/
https://aclanthology.org/2020.inlg-1.40/
https://aclanthology.org/2022.inlg-main.19/
https://aclanthology.org/2023.limo-1.3/
https://aclanthology.org/2023.limo-1.3/
https://aclanthology.org/2022.gem-1.45/
https://aclanthology.org/2022.gem-1.45/
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Processing, pages 9330-9347, Singapore. Association for Computational
Linguistics. *Equal contribution. Available at: https://aclantholo
gy.org/2023.emnlp-main. 580/

During my doctoral studies I have been involved in several research

projects. These projects are not included in primary contribution of this

thesis, but all of them are relevant for the research that the thesis presents.

Below I list publications which were created with my colleagues, peer-reviewed

and accepted for presentation at various conferences and workshops.

(i)

(ii)

(iii)

The VDG Challenge: Response Generation and Evaluation in Collabo-
rative Visual Dialogue. Nikolai Ilinykh and Simon Dobnik. 2023. In
Proceedings of the 16th International Natural Language Generation
Conference: Generation Challenges, pages 23-30, Prague, Czechia. As-
sociation for Computational Linguistics. Available at: https://acla

nthology.org/2023.inlg-genchal.4/
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Chapter 3: Motivation

3.1. An example of humans performing a multi-modal task

Humans can process information comingeither by means of sensory expe-
riences or by means of linguistic communication. Imagine a friend (the
describer) who tells you (the listener) what they see in the picture that is
displayed in Figure 3.1. They start by saying that they see “a kitchen with
cream coloured cabinets”. The second you see this sentence you are immedi-
ately prone to mentally visualise the kitchen that they are describing. You are
basing this visualisation on both your visual memory and what your friend
says. Next you hear that “there is a dog on the floor” and that the floor is
“wood coloured”. At this point, if you were given a set of images including the
one that is described by your friend and asked to pick that particular image,
you know better what to look for. When next your friend says that “there are
lot of items on the counters including plants” and “there is a set of cabinet
doors open and those have glass panes”, you already have a pretty good idea
about the image that your friend observes. Let us say that at this point you
make an action and correctly pick the image that your friend talks about.
This example illustrates how humans are able to combine linguistic and visual
information to discuss concepts and objects in the real world. In its essence,
the intricacies of human processing of linguistic and visual information in the
example above is what inspires and motivates the computational research
that this thesis is about.

3.1.1.  World knowledge

Generally, the speakers in our example would normally assume that they have

a similar knowledge and perception of the world, although they might not
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Figure 3.1. Example image described to you by your friend.

necessarily share one. The former is important to understand the common
world context of the image, while the latter is necessary to interpret match-
ing between text, image and knowledge, for example, in the case of colours
(“cream-coloured”). While both speakers might not be placed in the same
physical environment, they can still discuss visual concepts if they have a
sufficient level of common ground (Clark, 2015; Stalnaker, 2002) Common
ground is information that speakers have at any time about what they believe
they have agreed on in the interaction so far. Common ground is directly
related to a much bigger source of information such as commonsense thought,
a world knowledge about how “things” are and what can be done with them
(Minsky, 2000), Both concepts are related to cognitive aspects of individuals
as humans might not necessarily share the same commonsense knowledge

or have the same common ground. “Things” that are involved in common-
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sense knowledge range in their definition from natural laws of physics to the
knowledge about relations between specific objects and the type of actions
that can be done to them, e.g. affordances. Such world knowledge can be
divided into common knowledge (Cambria et al., 2011) and commonsense
knowledge (Davis, 2017). Common knowledge is the knowledge about the
world that is often implicitly expressed in human communication. This often
includes commonly known facts about the world and scientific knowledge
such that the Earth orbits the Sun or that carved pumpkins are used as Hal-
loween decorations in many countries. Also, common ground assumes shared
culture. For example, the arrangement of objects in the kitchen in Figure 3.1
is immediately recognisable by many (because of the world history and glob-
alisation processes), but an outdoor kitchen in an Ethiopian village might
not be that recognisable. While common knowledge varies between cultures
and different regions of the world, commonsense knowledge is assumed to
be approximately the same between all humans. This knowledge, contrary to
common knowledge, is rarely mentioned in human-human communication,
but it is relied on by humans as it helps to achieve common ground (Chai
et al.,, 2018).

Shared world knowledge is pivotal to human-human communication
as it is something that gives us a lot of prior information for more efficient
communication. For example, cabinet doors are often expected to appear
in the kitchens. When cabinets are mentioned in the example in Section 3.1,
it is likely to ease mental processing of the information rather than have
no effect or complicate it. Neither of the humans in that example had to
engage in the conversation about how kitchens and cabinets relate to each
other as this is something that is taken care of by the common knowledge
that both share. But there is much more knowledge that a simple string
of symbols “kitchen” can evoke in us. Specifically, this is the knowledge
of how the world is structured and what type of hierarchies exist in our

interpretation of the world. For example, speakers might know that cabinets
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and plants are typical for kitchens, but dogs are not. However, cabinets and
plants might appear in other types of rooms such as bedrooms. On a more
general level, bedrooms, in turn, are related to kitchens because both of them
commonly appear as parts of the house. Relating concepts to each other and
building cognitive structures and hierarchies about the world is crucial for
learning about the world (Botvinick, 2008; Cooper, 2023; Tenenbaum et al.,
2011). Such type of knowledge has been constructed computationally with
resources such as WordNet (Fellbaum, 1998; Miller, 1995), FrameNet (Baker
et al., 1998) or SUMO ontology (Niles and Pease, 2001). The primary benefit
of these hierarchies in human-human communication is that they allow us
to reuse acquired information and structures to learn novel concepts. Such
hierarchical organisation of knowledge is yet another important pillar of the

world knowledge that humans have and often share.

3.1.2. Perceptual knowledge

Humans can identify real-world objects even when they are represented as
images. But how do they interpret pixels into “plants”, “dogs” and “kitchens”?
Here we discuss relevant perceptual knowledge that humans use and associate
with their knowledge of the world in order to talk about this exact world.
Mapping linguistic symbols to perceptual stimuli, be it an object or some
of object’s representation (“grounding”) is an important aspect of human-
human interaction (Harnad, 1990). Connecting cognitive representations
with those of the world is also important for our perception of space and its
structuring in our minds (Levinson, 2003; Miller and Johnson-Laird, 1976;
Talmy, 1983; Talmy, 2000) along with the evolution and development of our
language (Perniss and Vigliocco, 2014). To describe images, we need not only
to identify physical objects, relations and events but also associate them with
words that we have to express what we want to say about the image. The
example in Section 3.1 has descriptions of multiple objects such as “plants”

or “a dog” and a few relations, e.g. “a dog on the floor”. An interesting detail
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here to consider is the choice of words to describe objects. Humans tend to
first name objects at their basic categorical level, e.g. dogs and cats, but not
mammals (Rosch et al., 1976). Here the concept of basic category is a technical
term that refers to a human choice of categorising and naming objects based
the most common and shared features that can also be easily understood by
others. Unless there is a specific intent or context of the situation in which
a different description needs to be produced, humans are likely to pick such
basic category descriptions for objects. However, if the our describer is a dog
lover and has extensive knowledge about dogs, they might mention the dog’s
breed.

Relations between objects and spatial relations are recognised in the
context of speakers’ knowledge about their geometric positions and functional
knowledge (Coventry and Garrod, 2004), with different relations relying
differently on different sources of information (Garrod et al., 1999). The
difference between functional and geometric knowledge here is especially
important as it would be definitive in the choice of the words to describe
relations. For example, if the speaker decides to talk about the black jar and
red tomatoes located to the right of the oven, they would use their knowledge
about function of the jar to have things inside and say that tomatoes are “in”
the jar and not “on top of” the jar despite the fact that geometrically tomatoes
are not in the jar. Speakers also might know that jars are used to preserve
food in them, thus, this function will lead speakers to say that “tomatoes are
in the jar”. Another important characteristic of the human-produced image
description is its conformity with the causal interpretation of the events that
happen in the image (Lake et al., 2017). For example, it could be incorrect to
say that the food is being cooked in the image if there is a gas-based stove
with no indications of it being used. This is closely related to the common
world knowledge and the knowledge of what different objects afford (Gibson,
1977) and how they interact.

Humans also have preferences for mentioning specific visual elements.
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These often include composition (size, location), knowledge about object and
scene categories, and contextual factors relating attributes, objects and scenes
(Berg et al., 2012). Humans also make individual decisions about the world,
for example whether to have dogs in the kitchens or not. Therefore, as a
listener, you might (or might not) have a change in the surprisal levels when
hearing that there is a dog in the kitchen. This is supported by the existing
psycholinguistic studies that demonstrate that less expected words take more

efforts to process them (Demberg and Keller, 2008; Hale, 2001).

3.1.3. Knowledge of intents

The image that the describer talks about in our example has many more objects
and relations that could be mentioned, but they are never referred to. Partially,
it is due to the shared knowledge about the world that does not need to be
mentioned, but it is also related to the intents of the describer. A theory of
perceptual selection and cognitive control (Lavie, Hirst, et al., 2004) offers a
more detailed explanation for this process. As humans describe images, they
use different types of knowledge, specifically, perceptual information and a
type of cognitive reasoning over this information that defines communicative
intents of the describer. For example, the describer chooses to say “a dog
on the floor” in their second sentence, while other possible sentences were
not produced such as “the cabinets are closed”. In the case of the latter, there
is still an intent to simply identify objects, but it is natural for the image
description process to happen in the context of the communication, in which
communication goals are important (Brennan and Clark, 1996) and referring
is often worked on jointly by both speakers (Clark and Wilkes-Gibbs, 1986).
Intents and plausible goals depend on the task (Jokinen, 1996). For example,
the description of the image in Section 3.1 might mention only the dog and its
visual appearance if the purpose of this description is to answer the question
about the dog. This description would not contain information about kitchen

appliances as this information is unnecessary to answer the question. The
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tendency of humans to rely on the task has been shown to lead to drastic
changes in how images are described (Ilinykh, Zarrief3, et al., 2018; Madebach

et al., 2022).

3.2. An example of a model performing a multi-modal task

As we have learned, describing images is complicated process that requires
knowledge of many types of information. Developing a computational model
that can mimic such a process is extremely challenging, and this goal has
been a holy grail of research in the intersection of natural language processing,
computer vision, and artificial intelligence in general. The current thesis
builds on top of many developments that took place in these research areas
over the years. Given all these advances, we ask a simple question: How do
models describe images? For the purpose of illustration, let us use a publicly
available model that is designed to describe images. Here we use recently
introduced BLIP model (Li, Li, Xiong, et al., 2022) and provide it with the
image in Figure 3.1 to generate its description. BLIP is built on top of the
transformer architecture (Vaswani et al., 2017). The model produces the
following description: “a dog laying on the floor™. With minor changes to
the model, we can produce other descriptions such as “kitchen with wood

>.

floor”? or “cream yellow and white kitchen™. Although humans and models
humans and models perform same tasks, i.e. image description generation,
model-generated captions are very different from the ones produced by a
human in Section 3.1. These differences stem from the fact that while models
have access to image pixels and texts, humans use a wider set of information
types that we have discussed extensively in Section 3.1. Models in this thesis
use only visual features of images and linguistic features of texts. We explore

the limits and capabilities of such models in multi-modal tasks that require

'Model: Salesforce/blip2-opt-2.7b, greedy search, accessed on 2024-03-04 17:25 PM
2beam search with width 4
3ancestral sampling
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a form of image description, and in our analysis, we often turn to what we
know about how humans operate with linguistic and visual information for

inspiration.



Chapter 4: Background and methodology

This thesis addresses questions related to construction of computational mod-
els that jointly use language and vision for different tasks. Studying language
and vision as two modalities that are used by humans is challenging, and a
more systematic approach of building models of language and vision is used.
We need models to conduct studies on a more manageable scale. Consider
the example of a weather prediction model. In order to predict the weather
for tomorrow, a large amount of data about atmospheric conditions and other
factors is collected and analysed. However, meteorologists cannot immedi-
ately identify patterns in the raw data, and it would also be very expensive and
time-consuming. By feeding raw data to a model that learns a representation
of this data, researchers are able to make predictions about future weather
patterns.

In this chapter we describe the details of computational models of lan-
guage and vision that are relevant for our work. All of them are neural ar-
chitectures which learn from a lot of real-world observational data. We also
introduce the set of computational tasks that we target. Throughout this sec-
tion we aim to relate each task and model to various theories about human
language and perception. Neural model are known as “black boxes”; that is,
we do not necessarily understand how they accomplish tasks. Hypotheses and
ideas from studies on human communication and perception then become

handy as they provide us with tools for better interpretation of the models.

4.1. General technical background

A multi-layer perceptron The simplest type of a neural network is a multi-

layer perceptron, exemplified in Figure 4.1. Such model is designed to learn
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Figure 4.1. A multi-layer perceptron. This type of neural models is often used in classification
tasks.

internal representations of inputs that it is provided with (Goodfellow et al.,
2016).

The network consists of layers of different types such as input layer,
hidden layer and output layer. Each layer is a combination of multiple inter-
connected computations each shown as a coloured circular node. Each of
these circles can be called a neuron and the interaction between these neurons
is the core component of a neural network. Every neuron produces an output
representation based on the input that it receives. For example, neurons in
the input layer linearly transform inputs to produce outputs. This output is
in turn used by hidden layers, which learn their own representations and
produce their own outputs based on the output of the previous layer. Finally,
the output layer makes the final prediction. The strength of such networks in
the non-linearity that is introduced after every linear transformation. Specific
non-linear activation functions such as ReLU (Agarap, 2018) allow the model

to learn non-trivial connections between different representations. Stacking
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more layers and increasing the number of neurons in each layer leads to a
deep neural network that is capable of learning more complex features.

In practice, each layer is a matrix consisting of rows and columns. If W,
stands for the input layer, then each row in this matrix will correspond to one
of the coloured circles in the input layer in Figure 4.1. Column values in this
matrix can be called features of every neuron and their number defines the
dimension size of the matrix W,. For example, if there are 3 neurons with 5
features each, then W, € R3*5. Increasing the number of neurons and features
often leads to stronger networks, that learn richer representations of data and
perform better in tasks.

The whole network can be expressed as the following sequence of com-

putations, starting from the input’s transformation:

fo(x) =0 (Wox +by), (4.1)
fi(X) =0 (W, X' +Db,), (4.2)
(X)) =0 (W,x"+b,), (4.3)
f3(x) =0 (W;x" +b;) (4.4)

where f; produces the prediction y, W, are each layer’s weights that learn
representations, b, is the bias term of each layer, and ¢ is the non-linear
activation function, which might also differ from layer to layer. The model is
trained by the means of the process called backpropagation (Rumelhart et al.,
1986), which updates the weights of the model by computing a gradient of a
loss function. The loss function computes an error of the model’s fit to the data,
and this error is used to update the weights by changing them in the direction
opposite to the gradient. The most commonly used mechanism to update
model’s weights is stochastic gradient descent (“Stochastic Estimation of the
Maximum of a Regression Function” 1952). Different parameters of the model

such as dimension size or number of layers are called model hyperparameters.
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The goal of the feed-forward network or a multi-layer perceptron is to
learn a mapping between input and output representations. One feature that
prevents such networks to be used in language tasks is their non-recurrent
nature: each layer and neuron pass the information only once. The con-
cept of continuously feeding the output of the layer to itself is the core of
auto-regressive neural models, which process the information in a recurrent
manner. This is an important feature of more sophisticated types of neural
networks such as recurrent neural networks (RNNs) or long-short term memory
networks (LSTMs) as it gives them the ability to provide feedback to itself
for every next output. This feature is also what makes these models suited
for the task of language modelling, in which the model predicts next words
from representations of previous words. Therefore, recurrent nature of LSTMs
is important for language modelling. Next, we briefly review the history of
language modelling task and introduce neural networks which are specifically

used for text generation.

Language modelling task To understand how more sophisticated variants
of neural networks can be used to generate text, we will first discuss the next
word prediction task or a language modelling task. This task is now seen
as equivalent to the text generation task. However, text generation with pre-
neural approaches has often decomposed the task into multiple sub-tasks,
connected with one another (Gatt and Krahmer, 2017; Reiter and Dale, 1997;
Reiter and Dale, 2000). For example, the model should first decide which
parts of the input are important to be described (content selection) and how
such elements should be structured in text (document planning). Next, it
decides how to realise information as symbols (lexicalisation) and what type
of referring expressions to use. Finally, aggregating text with such tools as
anaphora and combining lexical elements into a single item (surface realisa-
tion) results in the output text. Each step of this paradigm allows for more

control and a better understanding of the inner workings of such algorithms
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as errors in the output can be traced back to detect which of the sub-modules
is ineffective. However, building such generation systems is challenging as
each type of input and goal would require an individual approach, requiring
researchers to develop many different modelling approaches for many tasks.
The neural approach with language modelling as the text generation task
offers a very different take. The primary difference is that neural networks
are end-to-end systems, in which generation is not conditioned on explicit
sub-tasks. Instead, the model learns to represent an input in its continuous
representation space and produces an output realised as text.

In language modelling task every next word is predicted depending on
what has been produced before, e.g. text history. For example, after seeing “He
is turning on his ...” the model could predict “computer” as the next word. In
terms of computation, predicting the next word can be expressed through the
probability of this word given its previous context, e.g. p(x,|(x;, X5, ..., Xp—1)-
These probabilities have been traditionally computed based on the frequency
of words appearing in specific word contexts. For example, if “computer” is the
most frequent continuation of “He is turning on his ...” in the models training
data, the output of the model which is a probability distribution over all words
that the model knows will have “computer” in the head of the distribution.
Such an approach is at the foundation of n-gram language models. These
models restrict the previous history to only n words, reducing the complexity
of the generation as now the model is less likely to be affected by the curse
of the dimensionality (Bengio and Bengio, 2000), a problem that causes
the models to struggle in predicting words from high-dimensional features.
Restricting history for predicting the next word in language modelling is
related to Markov assumption, which states that the probability of the next

event can be assumed to be dependent only on previous # events.

Recurrent models Recurrent neural networks (Elman, 1990) and their ex-

tensions such as long-short term memory (Hochreiter and Schmidhuber,
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1997) or gated recurrent units (Chung et al., 2014) networks have been used
to model time-series data and natural language. These neural network types
are more suitable for capturing dependencies between words because, unlike
feed-forward networks, they update a single set of weights within each layer
of the network, which is computationally efficient. This property allows such
networks to not only learn valuable representations at each generation step
but also capture information about the order of words and how they make

sense. In RNN, the hidden layers’ state at time step ¢ is represented as follows:

hi=0(Uhi, + Wx;) (4.5)

where o is the non-linear activation function of choice, U and W are weight
matrices, h;_, is the previous hidden state representation and x; is the current
word input. RNNs are known to have a problem of vanishing and exploding
gradients (Pascanu et al., 2013), a situation when earlier layers of the network
are changed less and less with each update from backpropagation meaning
that the parts of the network are not learning. The weights can also experience
very big updates, leading to an unstable network. These situations occur
because of the depth of the network and the number of hidden layers: due to
the multiplication of matrices and the nature of backpropagation updates a
deeper network might not capture long-range dependencies in sentences.
LSTMs and GRUs learn solve this problem by storing a subset of infor-
mation and continuously updating it. LSTM, for example, achieves this by
learning a separate set of weights for three different gates: input, forget and
output. Each of these gates is a matrix W which is multiplied with the previous
hidden state h;_, concatenated with the current input representation x;. The
input gate’s goal is to decide how much of the new information to keep, the
forget gate decides how much of information from current memory to forget
and the output gate captures how much of the information from the cell state

should be passed to the next time step. These operations allow LSTMs to
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remember information from many time steps back for a very long time, which
leads to reasonable gradient changes that do not vanish or explode the weights
of the model.

Convolutional models A convolutional neural network is a neural model
that is used to process images (LeCun et al., 1989). The structure of this
architecture is inspired by how visual cortex is organised. In visual cortex
neurons are distributed across different layers and each neuron selectively
detects different visual features such as edges, orientation, motion or direction.
The most important components of a CNN are convolutional layers, pooling
layers and fully connected or feed-forward layers. Convolutional layers use
filters to detect image features such as textures or patterns. Pooling layers
compress convolutional representations, making them more general and not
affected by minor differences in the input. Finally, fully connected layers use
the resulting features to make a final prediction, which could be a category of
an object in the image. CNNs are commonly used in computer vision tasks

such as object detection or image classification.

Encoder-decoder framework The task of image description generation is
typically approached with the encoder-decoder modelling scenario, in which
both auto-regressive networks (e.g., LSTMs) and convolutional networks play
arole. An auto-regressive network is a model that makes predictions based
on previous observations. While an encoder (typically a CNN) encodes an
image, its representation is used by the decoder (LSTM) to generate text. This
model is called sequence-to-sequence model (Sutskever et al., 2014), because
the encoder compresses visual information into a single representation and
sends it to the decoder that generates a sequence of words. Studies in this

thesis build and analyse models that follows this encoder-decoder framework.
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Attention Inan encoder-decoder modelling framework, the model is forced
to compress input into a fixed-length feature vector. This representation
might not be enough to encode all important information from the input,
especially when inputs are very large. Cho et al. (2014) observed this problem
for machine translation task with the encoder-decoder framework. They
have noticed that the performance of the model tends to decrease when the
length of the input increases. Instead of packing the whole input into a single
representation, one approach could be to learn a mechanism that has access
to each element of the input representation and learns to selectively choose
elements which are necessary at the specific step. This improvement is called
attention and was first introduced by Bahdanau et al. (2015) for the task of
machine translation. Attention introduces a new set of weights to the decoder
that learns to weigh different parts of the encoded input and rely on each
of them to a different extent for every generated word. The core idea of the
attention is to calculate the alignment score between each element in the
set of the input feature representations X = {x;,X,, ..., X, } and the expected
output at a particular time step y;. Intuitively, an alignment score is a set of
weights, where each weight measures the extent to which a specific element in
the input set is important to make an output prediction. For example, when
translating “I will borrow a book from a library” into Swedish and producing
the next word in “Jag ska lana en ...”, where the next word is “bok’, the model
is expected to predict a higher alignment score for mapping “bok” with “book”
rather than with “will”

Once all alignment scores at the particular time step ¢ are computed, each
score is multiplied with the corresponding part of the input and a weighted

summed input feature vector X; is produced:

n
Xt = Z Ot Xt (46)

=1
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This weighted feature vector is part of the input to the LSTM together with
embeddings of previously generated words. Once LSTM makes its prediction,
the generation process moves to the next time step. Note that every word that
is to be predicted requires a whole new set of alignment scores with the input
features, thus, the set of scores is computed at every time step ¢. The score a;

is the result of the following computation:

ar (hy_y, x;) = softmax(v, tanh (W, h,_, + U, x;)), (4.7)

where W, and U, are different weight matrices that are used to compute
teed-forward computations. v, is a context vector that weights input repre-
sentations taking into account hidden representations at the current timestep.
This computation of alignment scores is typically referred to as additive (be-
cause of addition in the formula). Other mathematical notations to calculate
alignment scores have been introduced as well (Luong et al., 2015), but they all
share a common idea of learning a separate set of weights trained to represent

history and inputs to learn how well these features match with each other.

Transformer model The recurrent nature of neural language models such as
LSTMs has often been criticised for its inefficiency in terms of computational
resources that are required to build such networks. Although recurrence
is intuitively necessary for modelling natural language as words in human
language follow each other, recurrence also limits the computational power
of neural generation models as sentences are not processed in parallel, but
word by word. In addition to the computational efficiency bottleneck, past
information in recurrent networks is retained only from the previous hidden
state, limiting the model’s view of the previous context (Markov property).
Different model configurations have been developed to mitigate the aforemen-
tioned problems such as bi-directional LSTMs (Peters et al., 2018; Schuster
and Paliwal, 1997). The transformer architecture (Vaswani et al., 2017) has per-

formed better than LSTMs and their modifications in many natural language
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processing tasks. This architecture does not use any recurrent or convolutional
layers, it uses uses simple linear layers which are matrix multiplications. Below

we describe transformer’s components which are relevant for our studies.

Self-attention Upon its initial introduction by Vaswani et al. (2017), a trans-
former is an encoder-decoder language model. In terms of its parts, both
encoder and decoder consist of a block with 6 layers. Every next layer is depen-
dent on the previous layer, while the first layer is processing input features all
at once, thus, eliminating recurrence on the input level. However, sequential
information is still encoded and provided to a model through a different type
of input called positional encoding represented by sine and cosine functions
applied to positions of words in sequences. These functions provide a way
to capture the position of a word in a continuous space, possibly allowing
the model to learn sequences longer than those observed during training by
means of extrapolation.

The transformer model uses multi-head self-attention, a mechanism
that is capable of learning rich, varied and contextual dependencies between
inputs across different layers of each block. Every next layer of the model
learns more contextual and richer representations. For each word in the
sequence, self-attention in each layer learns a contextualised representation of
the word, taking into account other words when constructing the target word’s
representation. To achieve this, self-attention compares the target word with
the other words in the sequence as words that co-occur more often with the
target word would inform self-attention that they are the more contextually
relevant ones (Cheng et al., 2016). This process might mimic how humans
relate different words in text.

In a nutshell, self-attention is learning multiple structures learned over
the layers. These transformations are performed by the dot product operation,
one of the standard measures to calculate the similarity between two vectors,

which gives a scalar value:
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sim (Wi, W;) = W; - W;. (4.8)

Applying softmax to the resulting similarity score will transform it to a single
value in the range between o and 1. These values can be thought of as weights
which measure the importance of each intermediate structural representation
that are used by self-attention.

The dot product is only part of the picture; the main strength of the
transformer is in how it learns a whole variety of different modifications of
the input with multiple dot product operations. In particular, it uses three

weight matrices which learn different transformations of the input:

qi = x;\W k; = ;WK v; = x; WY, (4.9)

where queries WQ, keys WK and values WV are learned projections of the
input representations. Intuitively, the role of the query matrix is to represent
the input vector in relation to all other input vectors, given that the current
output is at the same position as the input. The key matrix captures a similar
set of relations, but this time the weights learn the relation between the current
input and all other inputs in terms of the outputs for those other inputs. Finally,
once weights have been established, the value matrix is used to compute the
resulting output vector by multiplying the weights with the value-transformed

input feature. The sequence of these steps is formally defined as follows:

qi - k;
score (W;, w;) = , (4.10)
1 ] \/d—k
a;,j = softmax(score (w;, w;)), where > a; ;=1 (4.11)
J

ai =y ai;vj, (4.12)
j
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where a; is the output representation vector at the current step i. The scaling
factor \/d_k is used to scale down the output of the dot product as such multi-
plication operation can produce either very large or very small values which
will have a detrimental effect on the model’s training and gradient updates.

Transformers further optimise their use of self-attention by computing it
not on the word level, but on the level of sequence of words, leading to a more
efficient parallelised set of computations. As words in a sentence can relate to
each other in terms of semantic, syntactic and other relations, more sets of
parameters are introduced into each layer called heads. Each head computes
its self-attention with its weights, allowing learning of a variety of relations.
Other components are included in the self-attention block such as additional
linear layer, residual connections (He et al., 2016) and normalisation layers
(Ba et al., 2016).

4.2. Language-and-vision natural language processing

Transformer models for language-and-vision tasks Transformer-based
language models have been widely used to learn general representations of
language, making these models useful for many computational linguistic tasks
(Devlin, Chang, et al., 2019; Radford, Wu, et al., 2019). It is not surprising that
the field of language-and-vision has followed a similar route and proposed
many different modelling architectures that learn general multi-modal rep-
resentations that are not bounded to the specific task. Several models can
be mentioned among the proposed approaches such as UNITER (Chen, Li,
Yu, et al., 2020), LXMERT (Tan and Bansal, 2019), ViLBERT (Lu, Batra, et al.,
2019), OSCAR (Li, Yin, et al., 2020) and VL-BERT (Su et al., 2020). Such
models are typically trained in two steps. First, the models are pre-trained with
special tasks such as multi-modal masked language modelling. Similar to the
standard masked language modelling in BERT (Devlin, Chang, et al., 2019),

the multi-modal version of this task requires the model to predict masked
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words given other words and regions in the image. Other multi-modal pre-
training tasks which allow the model to connect visual and linguistic features
such as embeddings of words describing objects in the image represented
as visual features, include masked region/object modelling and image-text
matching. In the former case, the model learns to predict either features of
the masked target region or object label distribution for the target region.
Image-text matching is a simple feed-forward network that decides if the text
is describing the image based on the combination of object and word repre-
sentations. Next, the models are fine-tuned on a number of downstream tasks
with the help of special classifiers that learn task-specific representations and
not necessarily the general ones. One example is the image retrieval task: the
model needs to identify image that corresponds to the textual description. The
task is often performed with data from MSCOCO image captioning dataset
(Lin, Maire, et al., 2014) and visual question answering dataset (Antol et al.,
2015). The downstream tasks benefit from general knowledge captured in
multi-modal transformers as, for example, in order to retrieve the right image
corresponding to the text, the model needs to know how words and visual

elements come together.

Tasks and datasets This thesis examines multi-modal models in the context
of different language-and-vision tasks. One of them is image captioning
which requires a model that generates a single sentence describing an image.
Multiple datasets have been built and collected for this task such as MSCOCO
(Lin, Maire, et al., 2014), Flickrzok (Plummer et al., 2015) and, more recently,
Conceptual Captions (Sharma et al., 2018). This task has seen a lot of attention
in terms of the development of modelling solutions (Donahue et al., 2017;
Karpathy and Fei-Fei, 2015; Vinyals et al., 2015). A more complex version of
the image captioning task is the task of image paragraph generation (Krause
et al., 2017) which requires a model that can produce multiple sentences

about the image, introducing modelling challenges in terms of the discourse
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structure and coherence of generated text. Study VIII introduces a novel task
for image description generation: a perceptual category description in which
we explore generation of the description of a category (e.g., “raven”) based
on visual features of images from this category or abstract representations
learned from many instances from the category.

Most of the studies in this thesis build and evaluate models designed for
the three tasks described above. One of the primary question that Studies I,
I1, and III focus on is the analysis of self-attention in the object relation trans-
former (Herdade et al., 2019). This transformer generates either one-sentence
(captions) or multi-sentence image descriptions (paragraphs). Study IV em-
ploys a CNN-LSTM-based model for image paragraph generation. Finally,
both Study VII and Study VIII use transformer-based models for image para-
graph generation and generation of perceptual categories respectively.

The rest of the studies in this thesis explores other multi-modal tasks.
Study V examines models in the context of the task of embodied question
answering (Das, Datta, et al., 2018). The task of embodied question answering
(EQA) is split into two parts: a navigation task and a question answering
task. In the navigation task the agent is provided with a question about some
target object. For example, “what is the colour of the couch in the living
room?”. First, the agent navigates in a 3D virtual world based on HousezD
environments (Wu, Wu, et al., 2018) and finds the object. Next, the agent
answers the question given a recent visual history of image frames with the
target object preferably being visible in those frames. We train and test a
CNN-LSTM based question answering part of the agent trained for the EQA
task. We specifically look at the level of sensitivity of this part of the agent to
perturbations of visual features.

Study VI explores the task of human variation in object naming. In its
fundamental form, the task is very similar to the classic referring expression
generation task (Reiter and Dale, 2000): given an image with a target object

in it, produce an expression that describes this object. The novelty here is that
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the dataset provided by Silberer, Zarrief3, Westera, et al. (2020) also contains
annotations from multiple humans describing a single object. This allows us
to study the effects of different contextual factors on the variation in human

object naming.

Object relation transformer Our studies that examine the tasks of genera-

tion of image descriptions (captions, paragraphs) employ a specific transformer
based architecture. Here we motivate the choice of this architecture. The object
relation transformer that we use in many studies in this thesis is a two-stream
multi-modal image description generation transformer (Herdade et al., 2019).
The architecture of the model highly resembles the original transformer archi-
tecture (Vaswani et al., 2017). In particular, the architecture centres around
three self-attention blocks, each of them operating with different type of
modalities and representations. Figure 4.2 illustrates the architecture of the
model. Below we focus on the specifics of different self-attention blocks. All
other parts of the transformer such as residual connections or feed-forward
layers are shown in the Figure 4.2, but not discussed explicitly in the text
below.

The image encoder block is provided with both visual features and bound-
ing box coordinates of each region. Its task is to encode and combine two
complementary types of information about image regions. The primary ad-
vantage of this block is the fact that it learns complex representations of spatial
information between bounding boxes of objects. This allows the model to
utilise relative geometry between objects. Relations between objects are
often captured by existing multi-modal transformers independently from each
other. For example, LXMERT is trained with bounding box coordinates as
part of its input, and VL-BERT normalises these coordinates by the height
and width of the input image. These models do not learn information about
relative geometry between objects. In what follows we describe how visual

and geometric attention weights are computed and combined.
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Figure 4.2. Object relation image captioning transformer. The model schema was initially
described in Study I, here we duplicate it in order to explain the model’s key components.

The image encoder block operates with representations extracted from
visual input. We extract these representations from the bottom-up attention
model, designed to detect objects in the image (Anderson, He, et al., 2018)".
The extractor is based on Faster R-CNN (Ren, Kiros, et al., 2015) with ResNet-
101 (He et al., 2016) as its visual backbone. It is trained on annotations from
Visual Genome (Krishna et al., 2017) to detect and produce information

about N image regions, where N = 36. Each image region is represented

'https://github.com/peteanderson80/bottom-up-attention
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as a feature vector x, € R™*P, where D = 2048. In addition, each region is
supplied with information about position of its bounding box in the image
and linguistic description. The bounding box coordinates are relative to the
image size. Linguistics descriptions consist of labels and attributes, where
labels are typically nouns (“dog”) and attributes are adjectives (“big”). It
is important to note that in order to assign a linguistic description to the
image region, the feature extractor produces a probability distribution over
its vocabulary of labels (1600 overall) and attributes (400 overall). Labels
are nouns (e.g., “a couch”) and attributes are adjectives (e.g., “brown”) that
describe objects. It then picks the most probable label and attribute akin to
multi-class classification. The set of probability values can also be extracted
to examine how confidence the detector is in assigning linguistic description
to image regions.

A lot of previous modelling approaches for image captioning have repre-
sented images as a single vector (Donahue et al., 2017; Karpathy and Fei-Fei,
2015; Vinyals et al., 2015). These representations can be viewed as a global top-
down representations of the image. Previous research on models for image
captioning has shown that a combination of top-down and bottom-up repre-
sentations results in higher quality image captions (Anderson, He, et al., 2018;
Li, Tang, et al,, 2017). Such bottom-up representations instead use object-level
features to represent an image. In the field of computer vision, a different type
of image representations have been used such as 2D image patches, specifically
for the task of image classification (Caron et al., 2021; Dosovitskiy et al., 2021).
Patch-based representations do not necessarily capture semantic information
about images unlike bounding boxes of detected objects which are identified
with models like Faster R-CNN (Ren, He, et al., 2015). Such representations
are viewed as a top-down signal and have been used to represent images for
image classification tasks. In most of our studies we represent images with
bottom-up features of image regions. Study II in Part 5.1 also proposes the

analysis of interpretation of structures in self-attention when the model is
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provided with patch-based features.

Next, we describe how the image encoder processes visual and geometric
information. First, the dimension size of each visual feature is reduced from
2048 to 512 and non-linearity with dropout layer are applied. The result is the
set of inputs fed to the first layer of the multi-layer multi-head self-attention.
Every next layer in this block uses output representations of the previous
layer. In a standard transformer-based fashion, each attention head computes

different projections of the matrix of visual features X:

Q=XWQ K =XWK, v =xwV. (4.13)

The visual attention weights are then calculated with a standard multipli-

cation of queries and keys scaled by a factor of dy:

52
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Qv = (4.14)
where Q" is a matrix that contains attention weights between visual represen-
tations of every two detected image regions.

At this stage, geometric attention weights are calculated and combined
with QY. We describe what these weights are and how they are computed
as follows. In using geometric information about image regions, authors of
the object relation transformer are motivated by the object relation module
introduced by Hu, Gu, et al. (2018) who show that geometric context is helpful
for visual tasks such as object detection (Divvala et al., 2009). A parallel and
related type of context that is useful for linguistic tasks such as image caption-
ing is the knowledge of spatial relations between objects (Talmy, 1983). The
object relation transformer is expected benefit from both types of information
as they are complementary.

As the first step, a 4-dimensional displacement vector between every two

objects m and n is computed:
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Xm — Xn m = Vn W, h,
A(m,m) = (log (=%l 1o (im0l 1og (Pl 1og (Ml

(4.15)

Next, each value in the vector is passed through the sinusoid function
which is described in (Vaswani et al., 2017). This way the displacement vector
is treated as positional encoding in language transformers, although in this
case it captures relations geometry between objects. The result is fed to the
special linear layer Emd which produces embedding in a high-dimensional
space. This vector is then multiplied with a learned projection matrix W to
produce a scalar value. ReLU non-linearity is applied as well.

The result of previous transformations are geometric attention weights

Q°, and they are combined with visual attention weights as follows:

Q =log(Q%) + Q". (4.16)

Finally, the output of each self-attention head in the green block is com-
puted as a multiplication of the weight matrix with the value matrix of self-
attention, e.g. softmax(Q)V. We note that geometric attention weights Q¢
are combined separately at each layer and its corresponding input. Therefore,
every layer in the model’s self-attention is learning from original geometric
representations instead of relying on the representations of geometry from
previous layers.

The block operates with representations extracted from
textual input. This blocK’s role is to generate text in left-to-right fashion given
word embeddings and positional encoding (Vaswani et al., 2017). Every next
token w; is conditioned only on previous tokens, e.g. Wi; = (w1, ..., wi—,).
This block of self-attention layers contains attention weights between different

words in the input. We note that due to auto-regressive nature of generation,
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attention weights cannot be constructed between the current word and future
words.

The block of self-attention layers is the last important piece
of the architecture. Its role can be described as the task of combining visual
and linguistic representations, therefore, this block allows us to examine the
attention weights between tokens and image regions. The output of this block
is passed through a linear layer to produce a distribution over the vocabulary
of the model. This vocabulary is then used by a decoding method of choice to
choose the next word.

Studies in Part 5.1 inspect structures in self-attention from all three
blocks that we have introduced. Study I is analysing the patterns captured in
the block and compares them against a pure text-only decoder
model. Study II is investigating the attention weights build by the image
encoder block between image regions or image patches for the task of image
captioning. Finally, Study III is examining the weights that are build by the

block between tokens and regions for different types of words
such as descriptions of objects (noun phrases) or spatial relations (verbs and

adpositions).

One-stream or two-stream multi-modal transformer? An important ques-
tion to ask is whether there is a particular preference to use two-stream
multi-modal transformer over one-stream architecture for image captioning.
One-stream transformers such as VL-BERT (Su et al., 2020) have a single
self-attention block that is provided with visual and linguistic features of im-
ages and texts. Two-stream transformers such as VILBERT (Lu, Batra, et al,,
2019) first process visual and linguistic features by independent blocks of
self-attention and then used by a cross-modal self-attention to make a predic-
tion. Existing research on the question of which type of transformers is better
(Chen, Li, Yu, et al., 2020; Lu, Batra, et al., 2019) focuses on how these mod-

els differ in performance in tasks other than image captioning. Bugliarello



38 COMPUTATIONAL MODELS OF LANGUAGE AND VISION

et al. (2021) show that the differences between different architectures are ob-
served only on specific tasks and they are not generalisable across different
multi-modal tasks. The main difference appears to be due to the training data
and hyper parameters. Future research must investigate better what type of
architecture is more suited for image captioning task. However, the nature of
the two-stream model allows us to examine self-attention patterns in both

visual and textual encoder as well as cross-modal block of self-attention.

Motivation for choosing object relation transformer There are several
reasons for us to use object relation transformer in our experiments. This
model is specifically designed for image captioning task and it learns complex
geometric information between objects. In comparison, existing multi-modal
transformers such as LXMERT (Tan and Bansal, 2019) which are not used in
left-to-right generation tasks are either not pre-trained or tested for image cap-
tioning task, although they might use image captioning data for pre-training
on other tasks. It is possible to adopt self-attention in such models for text
generation, but it requires introduction of special attention masks that would
prevent the model from looking into the future when generating texts (Li,
Yin, et al., 2020; Scialom et al., 2020; Zhou, Palangi, et al., 2020). Additionally,
multi-modal transformers at that time were not learning a complex geometry
between objects, which is necessary for image captioning. A similar two-
stream architecture that does not use object features and knowledge of spatial
relations has demonstrated lower scores on automatic metrics on the COCO

test set (Sharma et al., 2018).

Other multi-modal transformers An important research context that this
thesis relates to is how general or task-specific multi-modal transformers
should be. The multi-modal NLP has generally seen a push towards build-
ing more general-purpose architectures that achieve high performance on

many different tasks and benchmarks. These models learn good multi-modal



BACKGROUND AND METHODOLOGY 39

representations as they perform well on general multi-modal tasks such as dis-
crimination between image-sentence pairs, e.g. image-text matching. Some
more recent and noticeable architectures include CLIP (Radford, Kim, et al.,
2021) and ALBEF (Li, Selvaraju, etal., 2021). Some work shows that models can
learn better visual representations from language-and-vision supervision, e.g.
ALIGN (Jia et al., 2021) and VirTex (Desai and Johnson, 2021). However, these
models are typically used in general-purpose tasks such as image classification
where a fixed number of possible outcomes is pre-defined. When applied to a
more specific task such as object counting, general-purpose models such as
LXMERT (Tan and Bansal, 2019) do not generalise well to out-of-distribution
examples (Parcalabescu, Gatt, et al., 2021). The task of image captioning is
more open-ended than counting as there are many viable descriptions for an
image. A different line of research has introduced models that are suitable
for both general-purpose and open-ended tasks. Some of these prominent
models are BLIP (Li, Li, Xiong, et al., 2022), BLIP-2 (Li, Li, Savarese, et al.,
2023), OFA (Wang, Yang, et al., 2022), Flamingo (Alayrac et al., 2022), and
LLaVA (Liu, Li, et al., 2023). A noticeable difference of these models from
more general-purpose models is that they can be easily applied in image cap-
tioning. They achieve this primarily by converting the image-text matching
task into instruction-following format, in which a special prompt (e.g., “What
is in the image?”) is appended as input to the model alongside the image.

This thesis contributes to the analysis of general-purpose and task-specific
multi-modal transformers. Studies in Part 5.1 use architecture that is specifi-
cally designed for text generation. Studies in Part 5.2 and Part 5.3 use repre-
sentations from general-purpose architecture such as CLIP (Radford, Kim,
et al., 2021) or BERT (Devlin, Chang, et al., 2019).

Deterministic and stochastic decoding methods The output of a proba-
bilistic text generator is text consisting of a series of words, with each word

generated one after the other. However, what these generators produce is not
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a single word, but rather a probability distribution across multiple words that
the generator has knowledge of. As the input to the generator is incrementally
updated, it creates a new probability distribution at each time step. In order
to decode text one needs to choose a decoding method, which traverses
through probability distributions at different time steps and uses a particular
heuristics to select words. The sheer size of each distribution coupled with
the fact that they vary from one time step to another introduces challenges in
finding better methods for word selection.

A number of different deterministic heuristics are commonly used in
(multi-modal) text generation. Such methods are stable in producing the
same output every time they are used. The simplest deterministic decoding
method is to greedily select the most probable word at each time step during
generation. This method reduces the problem of selecting words within a
very vast space of probability distributions. While this often results in a text
of high quality on the local word level, which is desirable for some tasks such
as machine translation, word choices made greedily might not result in the
most optimal sequence of words that is possible under a specific model on
a global sentence level (Chen, Li, Cho, et al., 2018). Beam decoding offers
a partial solution to this problem by maintaining a “beam” of a few other
highest probability candidates for every time step and considering multiple
alternatives. It calculates conditional probabilities over these alternatives and
finds the most likely sequence. Still, beam explores only a few highly probable
word candidates and might return a dull and uninteresting text (DeLucia
et al., 2021). This is partially because the data is known to follow a Zipfian
distribution (Zipf, 1949) and the head of the probability distribution at each
generation time step typically consists of more or less the same words.

Sutskever et al. (2014) show that the machine translation model generates
most accurate French translations from English texts with beam search. In
such tasks as machine translation, deterministic decoding methods have

advantage as what matters is generation of accurate texts that correspond to
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the ground truth as much as possible. However, because these methods do
not explore the probability space to its fullest, they are known to generate
candidates that have little to no differences between them (Li and Jurafsky,
2016). Other tasks such as story generation are much more open-ended and
they require more focus on diversity in generated texts, i.e. accurate texts
with many different combinations of words. Generating diverse texts is also
relevant for properly capturing variation in referring expression generation
(Castro Ferreira et al., 2016).

In order to generate more diverse texts by exploring the probability dis-
tribution better, stochastic decoding methods are widely used. By introducing
randomness and uncertainty during inference time, such methods relax the
maximum likelihood constraint and lead to more diverse texts (Holtzman
et al., 2020; Ippolito et al., 2019; Panagiaris et al., 2020). One of the reasons
for this is that stochastic methods sample from the probability distribution,
but they would prefer to take words with similar probabilities which are also
semantically similar. Ancestral (random) sampling is the simplest stochastic
decoding method which selects a random word from the multinomial distri-
bution at each time step. Other methods such as top-k and top-p decoding
algorithms sample from the subset of probability distribution defined either
by the number of candidates to consider (k) or the accumulative probability
mass (p). Temperature is another metric to either make probabilities sharper
or more uniform and sample from them. One disadvantage of stochastic
decoding methods is the lack of control over their output: it is hard to find a
fitting set of hyper parameters such as k value or p value that would not result

in text hallucinations and non-sensical texts.

Evaluation Language-and-vision models are typically evaluated in terms of
the quality of texts that they generate. A set of standard automatic evaluation
metrics, measuring the accuracy of generated texts is employed, e.g. BLEU

(Papineni et al., 2002). Such metrics are typically focused on computing n-
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gram matches of different forms between different texts, but they show poor
correlation with humans. (Zhang, Kishore, et al., 2020) introduce a metric that
uses contextualised embeddings to evaluate text generation. Entropy can also
be used to evaluate image description models as it measures the uncertainty of
the model in making predictions (Shannon, 1948). Other automatic metrics
measure diversity of generated descriptions, their faithfulness to the image
(Madhyastha et al., 2019) and evaluate descriptions based on their purpose
(Fisch et al., 2020). The problem of generating diverse image descriptions
is deeply related to a more general problem of capturing the diversity in
how different humans tackle different tasks. An image can be described in
many different ways by different humans and this is related to such factors as
subjectivity in annotations, multiple plausible answers, and general variation
in how humans “label” the world (Pavlick and Kwiatkowski, 2019; Plank,
2022). This is a an important question to investigate as current NLP and ML
approaches (somewhat mistakenly) assume that there is a ground-truth for a
task, developing a dataset and addressing a specific benchmark (Schlangen,
2021).

Evaluation of natural language generation system is inherently difficult
task (Reiter and Belz, 2009). Evaluation becomes more challenging in the
domain of language-and-vision tasks such as image captioning, where images
can be described in many ways depending on the contextual factors. One
way to evaluate the quality of automatically generated image descriptions
is to compare them against ground-truth human-generated ones which are
typically collected as part of the dataset that the model is trained and tested
on. In this type of evaluation, researchers are interested in how well two types
of texts match each other. Therefore, it is not surprising that this evaluation
adopts metrics from other relevant text generation tasks. These metrics are
typically BLEU (Papineni et al., 2002), METEOR (Denkowski and Lavie,
2014), or ROUGE (Lin, 2004). Other text-based automatic evaluation metrics

were developed specifically for image description evaluation, e.g. CIDEr
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(Vedantam, Lawrence Zitnick, et al., 2015), SPICE (Anderson, Fernando, et al.,
2016). A significant problem with this type of evaluation is that their scores
do not correlate well with human judgements, which are considered to be
the gold standard in evaluation of generated texts (Elliott and Keller, 2014;
Hodosh et al., 2013; Kulkarni, Premraj, Ordonez, et al., 2013). Such metrics as
BLEURT (Sellam et al., 2020) and BERTScore (Zhang, Kishore, et al., 2020)
correlate better with human judgements. This has become possible due to the
high quality of BERT embeddings and contextualised knowledge stored in
them.

Human judgements about properties of generated texts are typically
considered the desirable type of evaluation in language generation community.
In this setup, humans who can be either linguists (experts) or non-experts
(workers from crowd-sourcing platforms) are asked to judge different image
descriptions across various criteria. These criteria typically include human-
likeness, grammatical correctness, accuracy, relevance (Elliott and Keller,
2013; Kuznetsova et al., 2012; Mitchell, Dodge, et al., 2012). The evaluators are
typically asked to rank or rate descriptions on a Likert scale associated with
one of the evaluation criteria. Although human evaluation is often viewed as
the most reliable type of evaluation, it is often hard to control for, primarily
because of the lack of standardised evaluation sheets and replicability of the
results (Howcroft et al., 2020).

Text-only evaluation of image descriptions does not take the image itself
into account, and a set of other types of metrics have been introduced to
account for the visual content. Jiang et al. (2019) have proposed to evaluation
not only text-level matching between the texts, but also how well a generated
text matches visual content. Hessel et al. (2021) propose a method for mea-
suring compatibility between images and texts without textual ground-truth
references. Madhyastha et al. (2019) propose to measure faithfulness of de-
scriptions to images based on the similarity between object descriptions and

labels of the objects. These metrics are a more natural choice to the multi-
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modal task of image description generation. A subset of metrics is focused on
the usefulness of description for a specific task, e.g. what does a description
require to be a good generated text in the specific task? Such metrics include,
for example, CapWAP (Fisch et al., 2020) that evaluates image descriptions

based on their utility for the information needs of the reader.



Chapter 5: Summaries of studies

5.1. Part I: The role of self-attention in object relation

transformer

Studies in this part of the thesis examine attention weights in three different
blocks of self-attention layers in the object relation transformer (Herdade
et al., 2019).

In general, we address the following question:

« How do self-attention weights connect words and objects in the context
of two different computational tasks, and can we identify linguistically
and cognitively interpretable patterns in these weights?

We use the object relation transformer (Herdade et al., 2019) in the
context of two tasks: image captioning and image paragraph generation. Each
study analyses weights in one of the three self-attention blocks of the model,
described in detail in Section 4.2. In this model a single self-attention block can
operate with either linguistic or visual representations or both. We specifically
examine the connections built by each block for the corresponding input
type, e.g. text, image, image-and-text. Our interpretation of the patterns is
based on insights from different theories about human language and visual
perception such as the theory of visual routines (Ullman, 1984) and load

theory of selective attention and cognitive control (Lavie, Hirst, et al., 2004).

5.1.1. Motivation

The question of whether transformer-based models encode any linguistic or
visual information has received a lot of attention in both NLP and computer
vision. Transformer models have been shown to “reinvent the NLP pipeline"

as they appear to hierarchically encode linguistic information, with local
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syntax captured in earlier layers and complex semantics learned in later layers
(Tenney, Das, et al.,, 2019). In fact, the research on the interpretability of
neural NLP models has evolved into the field of “BERTology" (Rogers et al.,
2020). This field employs a range of analysis methods to interpret models
(Belinkov, 2018; Belinkov and Glass, 2019). Next, we describe the methods
that we employ in our studies and explain why we chose them.

The first group of interpretability methods is referred to as “black-box”
methods. These methods make decisions about what the model has learned
based on how the model behaves under different dataset conditions. For
example, Gardner et al. (2020) introduce contrast data sets that are test sets
with minor perturbations designed to test the model’s linguistic capabilities.
Shekhar et al. (2017) introduce the dataset of foil captions on which the models
are evaluated for their ability to detect or correct incorrect words in image
captions. In general, black-box methods develop datasets that are designed to
test whether models have a specific type of knowledge without interpreting
the internal workings of such models.

The second group of interpretability methods is the “white-box" methods
that inspect the processes inside the models and their parts. For example,
extracting the probability distributions from the models and examining how
the change of dataset domain shifts these probabilities can tell if the model
acquired useful abstractions from pre-training and was able to apply them
in a new domain (Rethmeier et al., 2020). Specific input-output pairs can
also lead to different gradient values inside the model, making these values
reflective of the knowledge that the model has (Du et al., 2023; Selvaraju et al.,
2017).

A more prominent example of the white-box interpretability method
is the use of model’s representations of self-attention by a separate probing
classifier to perform an auxiliary task. The classifier’s performance on the
auxiliary task informs us about the information the model’s representations

have about linguistic phenomena of interest (Belinkov, 2022). It is possible
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to probe the model’s self-attention for many different linguistic properties of
texts such as sentence length or syntactic tree depth (Conneau et al., 2018).
Building a classifier that is parameter-disjoint from the original model and is
agnostic of the original training task makes it challenging to understand how
much its performance tells us about the knowledge captured in self-attention
representations (Belinkov and Glass, 2019).

A different white-box method is to visualise self-attention weights as
heatmaps and directly interpret them (Vig, 2019). Instead of assuming that
there is a linguistic property that the attention heads might capture as in
the probing method, visualising self-attention allows us to first examine the
connections built inside the model and then interpret them in terms of the
possible linguistic knowledge that these connections might reflect. While
visualising self-attention appears to be easier for direct interpretation, it is
unclear whether self-attention weights can be interpreted to “explain” the
model’s internal knowledge.

Relying on self-attention weights for interpreting the knowledge that
models learn is a topic that has sparked a lot of debate. Jain and Wallace (2019)
show experimentally that it is not reliable to assume that attention weights
explain which input feature is responsible for which output feature. Serrano
and Smith (2019) demonstrate that higher attention weights do not necessarily
correlate with changes in the model’s performance. Others argue that using
attention as an explanation of the model’s learned knowledge depends on the
architecture, the task, and the underlying notion of “explanation” (Wiegreffe
and Pinter, 2019). While Bastings and Filippova (2020) propose using input
saliency methods instead of attention for model interpretation, they also
argue that studying the role of attention and the functions it captures in
different tasks is a valid research goal. Therefore, it is necessary to make a clear
distinction between “attention as an explanation” of what the whole model
learns and the role of the attention mechanism itself in the model’s learning

and the knowledge that attention contains in its weights.
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The previous work has examined attention weights in the context of
mostly text-only tasks. For example, self-attention has been analysed for
knowledge of anaphora resolution and word sense disambiguation in machine
translation tasks (Tang et al., 2018; Voita, Serdyukov, et al., 2018). Self-attention
heads can also be compared with each other in terms of their importance
for making predictions for linguistic tasks and heads that are not useful can
be pruned (Voita, Talbot, et al., 2019). The analysis of self-attention weights
has been widely used in NLP, allowing researchers, for example, to examine
what BERT (Devlin, Chang, et al., 2019) learns about coreferential or syntactic
knowledge (Clark, Khandelwal, et al., 2019). Ghader and Monz (2017) have
shown that attention weights reflect useful information about alignment in the
context of the machine translation task and even capture useful information
beyond alignment. Some other work has shown that models can learn knowl-
edge about syntactic dependencies and distribute it between different layers
and self-attention heads (Blevins et al., 2018; Tenney, Das, et al., 2019; Tenney;,
Xia, et al., 2019). Raganato and Tiedemann (2018) and Goldberg (2019) have
shown that self-attention heads in different layers of the text-only transformer
contain representations that can reflect the knowledge of syntax (e.g., syntactic
dependencies) or semantics in texts. Analysis of attention weights and their
visualisation for interpretation have also been studied in computer vision com-
munity. Visualisation methods for interpretability can often indicate which
part of the network is responsible for what type of knowledge (Erhan et al,,
2009). Research in computer vision has analysed attention heatmaps and
distances between attended image regions built by transformer-based image
classification models (Caron et al., 2021; Dosovitskiy et al., 2021). Dosovitskiy
et al. (2021), in particular, have demonstrated that attention across layers in
such models is processed in a very specific way: heads in earlier layers attend
to pixels that are at various distances, while heads in later layers largely focus
on pixels that are very distant from each other.

Studies I, II, and III focus on the analysis of the knowledge that attention
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captures in the context of two image description tasks which has not been
done before. We think that examining the behaviour of self-attention in these
tasks brings a lot of useful insights about the role of self-attention in image
description transformers because attention in such tasks is also visual, and
visual attention can intuitively be associated with the model’s attention on
different parts of the image. Some recent work has looked at what pre-trained
language-and-vision transformers and their self-attention mechanisms learn
about specific multi-modal tasks such as visual coreference resolution and
visual relation detection (Cao et al., 2020). Here we study both pre-trained
models and models trained from scratch. We do not make initial assumptions
about the type of linguistic structures and knowledge that self-attention can
capture in the context of our computational tasks. Instead, we are looking at
attention in its more direct form: whether the object referred to is attended
to by the model. Out primary contribution is the analysis showing that self-
attention weights can be good predictors of the semantic knowledge captured

by the image description models.

Linking objects and words Interpreting self-attention weights is typically
done by examining how the weights align with specific linguistic relationships
among the attended words. Some of such relations (e.g., syntactic depen-
dencies between words, part-of-speech tags) can be extracted automatically
with the help of existing NLP tools such as spaCy (Honnibal et al., 2020).
Other types of relations between words such as anaphora resolution are often
annotated by humans due to generally higher quality of human annotations
compared to machine annotations. In both cases there exists a ground truth
that we can compare against the self-attention weights.
Examining self-attention in a language-and-vision context requires ground

truth data that would include linking between words and objects. In Stud-
ies IT and III we need to know which regions in the images are described

in texts, and linking between bounding boxes of regions and noun phrases
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describing objects is required. These links help us identify self-attention heads
that put more weight on objects and words within these links rather than on
objects and words outside of them. However, such ground truth linking is
not available in the datasets that we use in our studies, which are MSCOCO
(Lin, Maire, et al., 2014), the Stanford image paragraph dataset (Krause et
al., 2017), and Tell-me-more (Ilinykh, Zarrief3, et al., 2019b). At the same
time, existing work that offers automatic tools or manual annotations of links
between words and objects has typically been conducted in the context of
producing referring expressions for objects and not descriptions for images.
Examples of datasets that provide human-annotated links between words
and objects are ReferltGame (Kazemzadeh et al., 2014) or instruction-based
human annotation of objects in Visual Genome (Krishna et al., 2017). Other
work investigates how neural networks can be used to link perceptual features
of real-world objects with referring expressions (Schlangen et al., 2016).
Descriptions of objects produced in the referring expression generation
task and image captioning task differ in terms of their informativity and
length (Coppock et al., 2020). These differences appear due to a more specific
communication goal within the referring expression generation task, which
requires describers to identify a specific object within visual context (Reiter
and Dale, 2000), while the image captioning task focuses on describing images
rather than specific objects (Chen, Fang, et al., 2015). In other words, there is
a lack of an explicit need to distinguish referents in the image captioning task.
It is unclear if we can directly use methods that connect objects with referring
expressions in the context of our tasks, which are focused on the generation of
sentences and paragraphs. Here we use an automatic linking method that has
been specifically designed to link object descriptions with the corresponding
objects by comparing these descriptions with object labels. The method that
our studies use for the automatic linking of texts and objects was initially
introduced in (Ilinykh, Zarrief3, et al., 2019b). In particular, nouns in texts are

linked with object labels available in the corpus by first performing a simple
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string-based matching, and if the matches are not found, then the cosine
similarity score between word vectors is computed and used to determine
which nouns should be linked with which object labels. The method has
been further refined and extended in (Dobnik, Ilinykh, et al., 2022), where
the attributes and labels of detected objects were determined based on the
confidence scores of the object detector model. Study III improves the method
even more by explicitly examining what type of pre-trained feature embedding

leads to a more accurate linking.

Theories of human visual cognition and attention Human perception is
theorised to be hierarchical as neurons learn information of different com-
plexity from the visual input. Such organisation of perceptual knowledge
is important for a biological being (Tenenbaum et al., 2011). In Study II we
analyse attention weights across layers of the self-attention that operates on
the image alone and interpret these weights through the theory of visual rou-
tines (Ullman, 1984). This theory introduces a framework that splits human
visual cognition into two stages. In the first stage humans construct base
visual representations that capture information about general properties of
the image such as its colours, edges, their orientation, and motion. When
building base representations of the image, humans do not use any high-level
knowledge specific to the objects or the task. In the second stage humans
apply “visual routines” to the base representations constructed in the previous
stage. These routines are used to build a high-level understanding of objects
and relations in the image. Study II proposes the interpretation of the self-
attention weights in different layers through the theory of visual routines.
We show that under specific input feature representations, the model first
connects bounding boxes that are thematically related and geometrically close,
but do not necessarily correspond to objects. On top of that, the model builds
connections between bounding boxes that correspond to different objects in

the image, which are ultimately described in the generated caption.
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In Study II, we also observe that later layers of the model connect objects
that are then described in the generated descriptions. We connect this result
with insights from the load theory of selective attention and cognitive control
(Lavie, Hirst, et al., 2004). The theory states that humans first perceptually
select information they want to describe and then select what and how to
describe from this information given the task at hand. Our experiments
suggest that the model performs selection of what to describe given the image
captioning task as objects it connects in later layers are also described in the

caption.

5.1.2. Study I: How Vision Affects Language

« How Vision Affects Language: Comparing Masked Self-Attention
in Uni-Modal and Multi-Modal Transformer. Nikolai Ilinykh and
Simon Dobnik. 2021. In Proceedings of the 1st Workshop on Multi-
modal Semantic Representations (MMSR), pages 45-55, Groningen,
Netherlands (Online). Association for Computational Linguistics.
Link: https://aclanthology.org/2021.mmsr-1.5/

5.1.2.1.  Overview

In this study we examine a specific type of self-attention commonly referred
to as masked self-attention in the context of the image captioning task. This
module is illustrated as the in Figure 4.2. The role of this module
in the multi-modal image description two-stream transformer is to produce a
word representation at every generation step. This module does not have direct
access to the image, as the image is handled by a separate self-attention module.
However, the model as a whole needs to learn from both modalities, and due
to its training regime and back-propagation, different representations are
expected to affect each other. We hypothesise that self-attention on previously
generated words differs between different task setups, uni-modal and multi-

modal. In the study we observe a difference in the structures captured by
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masked self-attention weights between words in a description in two modality-

different setups.

5.1.2.2. Questions and findings

Question I Do self-attention patterns built by masked self-attention on
generated words vary in text-only and language-and-vision task setups? We
compare self-attention weights built between words in texts that are generated
either from previous words (uni-modal) or from previous words and images
(multi-modal). We use pre-trained GPT-2 (Radford, Wu, et al., 2019) as our
language-only model because in our study this model is architecturally close
to the part of the image captioning transformer that incorporates masked
self-attention (Herdade et al., 2019). We observe that when a word is generated
in a multi-modal scenario, masked self-attention in the image object relation
transformer demonstrates a higher focus on previously generated nouns and a
smaller focus on other parts of the already generated text. In comparison, GPT-
2’s masked self-attention relies heavily only on a few immediately generated
words, showing a more local pattern, e.g., attention is “neighbouring” the
word that is being generated instead of reaching more distant words. Uni-
modal masked self-attention also has higher entropy as it appears to be less
confident in choosing which word matters the most at a particular time step.
Multi-modal masked self-attention, in comparison, has more focus on specific
words (e.g., lower entropy), suggesting that by focusing on nouns, the model

learns to ground them into the image.

Question II Does masked self-attention in the object relation captioning
transformer capture patterns that could have a linguistic interpretation?
As we observe that multi-modality shifts the attention focus of the model to
nouns, we also ask whether it has an effect on the knowledge that the model
learns about the text. We examine attention on specific part-of-speech tags

and syntactic dependency relations, two important sources of knowledge
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associated with syntax. Visualising attention targeting words of specific part-
of-speech shows that nouns receive attention from many attention heads,
which is possibly related to the fact that they can be grounded in visual repre-
sentations directly; therefore, it is easier to associate them with objects. On
the other hand, verbs and adpositions, which can be associated with relations,
are not attended to as strongly by the model. In terms of syntactic depen-
dencies, we observe that dependencies that seem to be more important for
the task of image captioning are attended to much more strongly across the
layers of masked self-attention. The NUMMOD (numeral modifier) relation
is attended to by many attention heads, possibly because it is important for
scene description, e.g., counting and mentioning the number of objects in
the image. Dependencies that are often involved in spatial relations such as
POBJ or PREP (“on table”, “bathroom with”) do not receive very strong atten-
tion on the words that are in these dependencies. Dependencies which seem
to be more relevant for generating grammatically correct descriptions (e.g.,
DET, COMPOUND) are generally attended to a lesser degree by the masked

self-attention in the multi-modal task setup.

Question III To what extent can we interpret information learned by
masked self-attention in relation to other parts of the model, such as cross-
modal self-attention? Overall, it appears that masked self-attention in the
image captioning transformer learns task-specific semantic knowledge (e.g.,
grounding of nouns) than a similar attention in text-only transformer. The
interpretation of these results should be conducted in the context of the
whole model. One explanation is that the focus on nouns is due to cross-
modal information fusion happening in other parts of the model. We collect
evidence for this hypothesis by inspecting cross-modal self-attention and
the connections that it builds between words and objects. We hypothesise
that the specific focus on nouns is due to the multi-modal nature of the task

and not other factors such as noun frequency in the training data. We first
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observe a negative correlation between the frequencies of nouns in image
descriptions and masked self-attention on these nouns, while there is a clear
positive correlation between the two for the text-only model. We then observe
that when a specific noun is about to be generated, the model focuses on the
object that is described by this noun. The focus on a specific object changes
when a new noun is about to be introduced. When functional words are
generated, the model is strongly focused on the noun that can correspond
to the last described object. These results suggest that the representations
in different self-attention modules of the object relation image captioning
transformer are aligned and related to each other, hence the model relies
on syntactic cues and learns semantics of nouns because of the cross-modal

grounding.

5.1.2.3. Implications for future work

One interesting direction to explore is to gain a better understanding of
whether the visual modality interferes and with topic modelling and co-
referring that is predicted from sequences. Since the model itself is required
to rely on previously generated words in order to produce grammatically and
semantically correct continuations, its focus on linguistic information should
be preserved in a multi-modal case. Therefore, its attention on nouns can be
attributed not necessarily to the multi-modal nature of the task, but to the
acquired ability to associate nouns with objects. In other words, the model
might either be biased by visual modality to focus on nouns meaning its focus
on linguistic modality is less pronounced, or the model might focus on both
modalities to the necessary extent and learn a form of grounding. In addition,
the model’s lack of focus on words involved in spatial relations might be ex-
actly because of a much higher focus on nouns since understanding relations
requires access to more information than text alone as is the case with masked

self-attention (Ghanimifard and Dobnik, 2019).
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5.1.2.4. Author contributions

First version of research questions was developed by Ilinykh who looked at the
self-attention in object relation transformer in a course project report. Ilinykh
and Dobnik discussed and decided on research questions and experiments
for the paper. Ilinykh was responsible for running the experiments and con-
ducting initial analysis. Ilinykh and Dobnik have jointly analysed, discussed
and interpreted results of the study. Both authors wrote and approved the

final version of the manuscript, where Ilinykh was the main author.

5.1.3. Study II: What Does a Language-And-Vision

Transformer See

« What Does a Language-And-Vision Transformer See: The Impact
of Semantic Information on Visual Representations. Nikolai Ilinykh
and Simon Dobnik. 2021. Frontiers in Artificial Intelligence, 4.

Link: https://doi.org/10.3389/frai.2021.767971

5.1.3.1. Overview

The goal of this study is to understand better whether a two-stream object
relation image captioning transformer hierarchically learns and structures its
self-attention in the language-and-vision context. Here we focus on attention
between image objects or regions, which can be extracted from the image
encoder block in Figure 4.2. This self-attention does not have direct access to
textual information.We observe that the task and input feature representations
lead to different structures and hierarchical organisation of attended image
objects in self-attention. Self-attention patterns can be interpreted to reflect
thematic relations and geometric proximity between different objects. In
particular, we observe an asymmetry in the type of interpreted knowledge
that is distributed differently across earlier and later layers of the self-attention

module. We refer to the layers that are closer to the input as “earlier layers”,
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while the layers which are closer to the output of the self-attention module
are “later layers”. Later layers are also affected by the information about the
task of describing an image as such layers appear to learn high-level seman-
tic information between nouns from descriptions and objects in the image.
Our results demonstrate that self-attention can be used as basis for learning

hierarchically structured knowledge about the objects in the world.

5.1.3.2. Questions and findings

Question I 'What object-related information is captured in the self-atten-
tion weights on the image within the object relation image captioning
transformer? Deep neural models excel at detecting patterns and regularities
in the inputs they are provided with. As our model is given a set of features of
pre-detected objects, we hypothesise that self-attention on the image might
learn to relate these objects thematically and semantically. Ultimately, the
detector produces objects on different levels of granularity, including whole
objects and their parts, such as “cat’, “paw” and “banana” for the image of a cat
eating a banana. We need a measure to determine semantic similarity between
these bounding boxes. We determine this by thematically clustering labels
of objects that are detected with bounding boxes. Then we examine whether
self-attention weights in different layers of the model connect bounding boxes
that are in the same thematic cluster, which provides us with semantic cate-
gories. Based on the empirical results and qualitative analysis of self-attention
weights and heatmaps of images, we find that the earlier layers of the model
connect objects that are thematically and semantically related. For example,
such objects can often be in a part-whole relationship, such as “paw” and “cat”.
Later layers of the self-attention that we examine capture thematic relatedness
between different objects (e.g., “cat” and “banana”) and not necessarily indi-
vidual object’s parts. Interestingly, we find that visual features of the objects
in the same thematic cluster have a high level of similarity with each other,

indicating that these objects are likely in a part-whole relation. We call this
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type of knowledge a “thematic bias” The bias that self-attention learns might
not be only thematic but also geometric as semantically similar objects are
likely to be visually close to each other. We confirm the presence of such
a “geometric bias” by computing the Euclidean distance between pixels of
attended objects in the same or different thematic clusters. We find that earlier
layers connect thematically similar and geometrically close objects, while
later layers connect objects that are geometrically more distant. These results
show that self-attention on the image in the object relation image captioning

transformer learns more how objects relate to each other in the scene.

Question II How much does the visual feature segmentation affect the
structures in self-attention and their interpretation? One important char-
acteristic of the self-attention module we work with is that it operates with
features of objects and not patches, which are frequently used in vision tasks
with vision transformers (Dosovitskiy et al., 2021). We replace object-level
representations with patch-level features and examine whether the hierar-
chies and structures we have previously identified are still present. Although
patches have been used as inputs to image captioning models, the knowledge
of image semantics that object detections bring has often resulted in better
image descriptions (Anderson, He, et al., 2018). We hypothesise that the pre-
defined semantic information that input representations introduce assists the
model in hierarchically distributing and organising its self-attention on the
visual input. We train and test the model with patch features of the image and
analyse distances between the attended objects. Using patches did not result
in learning geometric bias since we observe no statistical difference between
self-attention weights and the distance between the objects that are connected
by these weights. Therefore, semantic information that comes from object
detections is indeed an important factor for learning geometric (and, possibly,
thematic) hierarchies between image objects as it introduces useful semantic

knowledge to the model. This shows that self-attention can learn semantic
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connections between visual features given that the input it receives is properly

represented to achieve this goal.

Question III 'What is the effect of the image captioning task on the self-
attention on the image? While input representations affect the model’s repre-
sentations in one direction, a different effect might appear in another direction
where later layers might be affected by representations from other parts of the
model due to backpropagation. The information about text and its grounding
in vision could be identified in self-attention on the image. We examine the
extent to which attention heads in different layers of the self-attention on the
image look at two different objects described by two distinct nouns in the gen-
erated caption. These objects are the ones whose labels were linked with noun
phrases through the linking mechanism we developed, i.e. the mechanism
is described in Section 5.1.1. We find that later layers connect such pairs of
objects to a higher degree compared to earlier layers. The result indicates that
self-attention on the image captures cross-modal relations between described
objects which is consistent with the earlier finding that at that layer attended

features are more distant.

5.1.3.3. Implications for future work

Understanding whether knowledge of how the world is structured is captured
by the image description transformer is important and introduces many ques-
tions. One of them is the role of the computational training task. Does the
model learn any structural knowledge about objects if the task were, for exam-
ple, visual question answering? Analysing weights in a different model trained
for other multi-modal tasks is needed to confirm whether our conclusions

are generalisable across different architectures.
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5.1.3.4. Author contributions

Ilinykh and Dobnik jointly developed research questions. Ilinykh was respon-
sible for running the experiments. Ilinykh and Dobnik have jointly analysed,
discussed and interpreted results of the study. Both authors wrote and ap-
proved the final version of the manuscript. Ilinykh took the lead in writing

the manuscript.

5.1.4. Study III: Attention as Grounding

« Attention as Grounding: Exploring Textual and Cross-Modal Atten-
tion on Entities and Relations in Language-and-Vision Transformer.
Nikolai Ilinykh and Simon Dobnik. 2022. In Findings of the Association
for Computational Linguistics: ACL 2022, pages 4062-4073, Dublin,
Ireland. Association for Computational Linguistics.

Link: https://aclanthology.org/2022.findings-acl.320/

5.1.4.1. Overview

The last study in this part examines weights of the self-attention
of the object relation image captioning transformer in Figure 4.2. The primary
task of this self-attention is to produce a representation that is used to generate
image descriptions. This module learns to do so from both linguistic and
visual information.Its output is used to generate whole sentences that include
two types of words: descriptions of objects and spatial relations. In this study
we focus on the image paragraph generation task as longer image descriptions
introduce more mentions of entities and relations between them, which allows
us to study how this module is responsible for discourse planning.

We inspect self-attention that connects words with image objects and
examine how it builds different mappings between descriptions of objects
and objects themselves. We additionally analyse masked self-attention on

text and its attention on two types of words, i.e., descriptions of objects and
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spatial relations. We observe that in later layers self-attention focuses on
objects which are described with noun phrases. However, we observe that
many attention heads have scattered attention on objects and words when
spatial relations are generated. We argue that spatial relations are not only
about locating objects (Ghanimifard and Dobnik, 2019), which is supported
by the observation that the heatmaps of attention on objects do not have a

clear interpretation in terms of knowledge about spatial relations.

5.1.4.2. Questions and findings

Question I What knowledge does cross-modal self-attention acquire
about descriptions of objects and relations between them? We examine
self-attention heatmaps extracted from the cross-modal self-attention. We
investigate whether the patterns formed by attention weights align with our
expectation that described objects are attended to by the model, unlike the
objects that are not described in the generated paragraph. We first automat-
ically link detected objects and their descriptions, i.e., noun phrases. We
also extract triplets of the form “target — relation - landmark” from each
description using the spatial relation extractor from (Kolomiyets et al., 2013).
The extracted triplets provide us with words that correspond to linked objects
(targets, landmarks) that are in a relation. We observe that links between
objects and noun phrases are mostly established by attention heads in later
layers of this module. We also observe that these heads strongly focus on
relating specific word-object pairs. The picture differs when we analyse the
focus of self-attention heatmaps on the objects which are in spatial relations.
Many different heads are continuously activated when attending to the objects
that correspond to either a landmark in a relation (“table”) or a target (“cup” in
“cup on the table”). There is no clear structure between earlier or later layers

and no specific focus on specific objects.
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Question II To what extent can we interpret and explain the behaviour
of cross-modal self-attention in generating spatial relations? Examining
the heatmaps to identify knowledge about spatial relations in cross-modal
self-attention provides us with more insights into what is happening in the
model. Interestingly, objects corresponding to targets in spatial relations are
often attended to in later layers, while those corresponding to landmarks are
also attended to in earlier layers of cross-modal self-attention. This indicates
that the model captures some sort of asymmetry about targets and landmarks
(and words that describe them) for spatial relation generation (Dobnik, Ghan-
imifard, et al., 2018). In particular, to describe a target, a good landmark must
be chosen first, which is both discourse and visually salient, and then also
constrains the set of relations with which they can be related. For example, the
spatial relation “on” in “cup on the table” will change if the landmark changes,
e.g., “‘cup next to the phone”. Based on the heatmaps we observe the tendency
of the model to focus on the objects that correspond to the desired landmarks

earlier, while attending to the target objects later.

Question III What does masked self-attention learn about words corre-
sponding to descriptions of objects and descriptions of object relations?
What does the model learn about different semantic categories? We examine
patterns captured by the masked self-attention on descriptions of objects and
spatial relations. This experiment is different from the one in Study I as the
task is image paragraph generation rather than image captioning. By splitting
words into two groups — those describing objects (determiners, adjectives,
nouns) and relations (verbs, adpositions) — we observe that the earliest layer
in masked self-attention strongly focuses on verbs and adpositions, while later
layers focus more on nouns, adjectives, and determiners. The focus of masked
self-attention in image paragraph generation task differs from the focus of
the masked self-attention in image captioning from Study I. In that study

the model does not strongly attend to verbs and adpositions but strongly
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attends to nouns, determiners, and adjectives, and this result is observed
across all layers of the masked self-attention. This difference comes from the
distinctions between image captioning and the image paragraph task and the

corresponding features provided to the models.

5.1.4.3. Implications for future work

Our results demonstrate how knowledge about object descriptions and spatial
relations is learned by cross-modal self-attention in the object relation image
captioning transformer. Earlier studies show that if the objects are identified
based on their function, i.e., target and landmark objects, and provided to the
model, a non-transformer language model identifies them (Ghanimifard and
Dobnik, 2019). Overall, our results indicate that grounding spatial relations is
not dependent on a particular modality (visually identifying objects) but that
information is drawn from several sources. This suggests that information pro-
vided to the network in terms of features will play a crucial role in determining
what representations are learned, and this question must be investigated in

the future.

5.1.4.4. Author contributions

Ilinykh and Dobnik jointly developed research questions. Ilinykh was re-
sponsible for developing and running the experiments, including analysis
of different linking methods. Ilinykh and Dobnik have jointly analysed, dis-
cussed and interpreted results of the study. Both authors wrote and approved

the final version of the manuscript, where Ilinykh was the main author.
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5.2. PartII: Representation learning for

language-and-vision tasks

Studies in this part of the thesis focus on multi-modal representation learning
for three tasks: image paragraph generation, embodied question answering
and variation in human object naming. The general question that these studies
address is the following:

» How are multi-modal representations applied in these tasks and how do
task-specific models learn knowledge from linguistic representations
of object labels and visual representations of corresponding regions or
the scene?

Our models range from a CNN-LSTM image description model to a
simple classifier network. These models use visual representations of images
or object regions and linguistic representations of descriptions of images or
labels of objects. We also test different fusion methods such as max-pooling,
attention or concatenation to learn from visual and linguistic representations
of objects, labels and images. Studies IV and VI use pre-trained models such
as DenseCap (Johnson et al., 2016) or CLIP (Radford, Kim, et al., 2021) to
represent images, objects and texts. Study V learns these representations from
scratch and the ability of the model to use them is evaluated by performing
perturbations to the input representations. We analyse the role of different
multi-modal representations of images and texts in three tasks and examine

how models for these tasks use these representations.

5.2.1.  Motivation

Humans are known to rely on multiple modalities in their understanding of
the world. For example, seeing the lips of the speaker helps us distinguish
sounds that are very similar (Summerfield, 1992). This ability to operate
with many modalities has inspired work that develops cognitively informed

models of semantics that are grounded in perception and language (Regier,
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1996). Other work has used deep learning methods for multi-modal learning.
For example, Ngiam et al. (2011) show that the model learns better features
of video modality if it is provided with features of video and audio during
learning. Srivastava and Salakhutdinov (2012) introduce a model that learns a
single representation from linguistic and visual representations and show that
information from this joint representation space is useful for classification
and retrieval tasks.

In the domain of natural language processing, attention has been on
using different types of deep learning models to learn a multi-modal feature
space between language and vision. Work has focused on exploring different
model architectures for learning a joint multi-modal feature space. Silberer
and Lapata (2014) use stacked auto-encoders to ground representations of
texts into images. Kiros et al. (2014) use language models together with con-
volutional networks to represent texts and images for tasks of text generation
and image retrieval. Some methods propose to map images into a text repre-
sentation space (Frome et al., 2013; Socher et al., 2013).

More recently, the question of learning language-and-vision feature rep-
resentations has been studied with larger models trained in a multi-task setting
(Chen, Li, Yu, etal., 2020; Li, Selvaraju, et al., 2021; Lu, Batra, et al., 2019). These
studies propose to first capture general task-agnostic language-and-vision
representations through pre-training which are then used in the context of the
specific task (fine-tuning). There is also a possibility to initialise models with
weights of other pre-trained models as well as encode input representations
with existing models. The general process of initialising, pre-training, and
fine-tuning multi-modal models can be described as follows:

« Initialisation phase: initialise the weights of the model with pre-trained
knowledge of the respective modality. For example, the language-side
of a model can be initialised with the weights from a large pre-trained
transformer such as BERT (Devlin, Chang, et al., 2019). The input

features can also be represented with pre-trained models. For example,
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visual features can be extracted from the model pre-trained on image
recognition tasks such as Faster R-CNN (Ren, He, et al., 2015).

o Pre-training phase: train the model to learn generic multi-modal repre-
sentations by training it on tasks such as prediction of masked tokens
(masked language modelling), classification of masked object regions or
reproduction of their visual features (masked image region modelling),
and classifying whether a description and an image match with each
other (image-text matching). In this phase, the model is pre-trained
in multi-task learning setup, in which it learns generic representations
between features of both modalities.

« Fine-tuning phase: the pre-trained model is fine-tuned on a down-
stream task such as VQA. The downstream task requires the model to
learn to apply its general multi-modal knowledge within the context
of the specific task. Multi-task learning on many language-and-vision
tasks in the pre-training phase has been shown to benefit the perfor-
mance of models on downstream tasks (Lu, Goswami, et al., 2020).

Bender and Koller (2020) argue that learning from text alone is insuffi-
cient for computational modelling of many natural language understanding
tasks. One solution is incorporation of modalities other than text, such as
sights and sounds, into the modelling paradigm (Bisk et al., 2020), grounding
them into one another. However, the concept of multi-modal grounding is
challenging to define because there are many tasks, datasets, and modalities
and they might all differ in terms of how much of grounded knowledge they
require (Chandu et al.,, 2021). Parcalabescu, Trost, et al. (2021) argue that
multi-modality should be understood in the context of the computational task
as relevant information and modalities may differ from one task to another.

We highlight two central ideas based on the previous research. First,
task-agnostic multi-modal representations improve performance of the mod-
els on the downstream tasks. Second, evaluating whether the models learn

task-relevant information from different modalities is important. Our stud-
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ies contribute to both of these ideas as we look at three different tasks, the
corresponding models and multi-modal representations. The primary contri-
butions of Studies IV and VI are about how informative and effective features
from pre-trained models (DenseCap (Johnson et al., 2016), CLIP (Radford,
Kim, et al,, 2021)) are in the context of image paragraph generation and varia-
tion in object naming. Study IV contributes to the second idea, evaluating
the sensitivity of the question answering system to visual perturbations in the
context of the embodied question answering task. Next we describe each task

and other contributions of our studies.

Image paragraph generation The task of image paragraph generation was
introduced by Krause et al. (2017). The motivation for the task comes from
the shortcomings of image captioning and dense captioning tasks. First,
one-sentence image descriptions lack details about the image and might not
describe all important parts in the image (Karpathy and Fei-Fei, 2015). Second,
in the dense captioning task, the region descriptions are highly detailed but,
on the other hand, they only describe regions and lack the coherence of image
captions (Johnson et al., 2016). The image paragraph generation task addresses
both issues because image paragraphs consist of multiple sentences describing
images on a fine-grained level and together they form a coherent whole. The
paragraphs were produced by human annotators on Amazon Mechanical Turk,
and images were taken from MSCOCO (Lin, Maire, et al., 2014) and Visual
Genome (Krishna et al., 2017). Krause et al. (2017) generated paragraphs
by using the Faster-RCNN-based object detector (Ren, He, et al., 2015) and
hierarchical RNN-based model for text generation. First, the detector extracts
visual features and object labels of image regions. Next, visual features of
detected objects are fed to a sentence-level RNN that makes a classification
decision about the number of sentences to generate and also generates a topic
vector per sentence. Each topic is given to the word-level RNN that generates

the words for the corresponding sentence. By splitting the generation task
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between two types of RNNs responsible for different but related tasks, authors
ensure that their RNNs learn from sequences of smaller lengths as reasoning
over the whole paragraph is challenging for an RNN-based generator.

The multi-modal nature of the image paragraph generation task requires
the development of a proper information fusion mechanism that can learn
useful information from both language and vision (Baltrusaitis et al., 2019).
Linguistic and visual feature vectors can be combined with summation, con-
catenation, bilinear transformation or other methods (Yang et al., 2019). One
of the primary questions is when such fusion should take place in the mod-
elling pipeline. Information fusion can occur either early (e.g., at the input
feature level) or late (e.g., at the level of the model’s output and prediction)
(Farnadi et al., 2018). In Study IV we fuse visual features and object label rep-
resentations early. We first pass each feature through a modality-dependent
linear layer and then combine them using one of the two information fusion
methods that we also evaluate. The first method is max-pooling, which takes
the maximum value from the vector of each modality and concatenates them.
Max-pooling can be useful for extracting information about the semantically
most important words (Collobert et al., 2011; Kim, 2014). A different pooling
method is taking an arithmetic mean of feature vectors of different modalities
(Schiiz and Zarrief3, 2020). However, mean-pooling can smooth out multi-
modal features and equalise the effect of each modality on the model’s internal
representations. Studies have shown that text-based and visual features differ
in their relevance for various types of words (Lu, Xiong, et al., 2017). As an
alternative to pooling fusion methods we also learn attention on the input
teatures after they are concatenated. We tested a different scenario in which
we first attend and then concatenate the resulting features as this has shown
improvement on some tasks such as machine translation (Caglayan, Barrault,
et al., 2016). However, we observed decrease in performance of the image
paragraph generation model.

In Study IV we describe the generation of image paragraphs that are
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both accurate and diverse in terms of the sentences they include. By diversity
we understand the model’s ability to generate many combinations of words
in the image description, but that are natural to human interpreters. Other-
wise, they are considered noise. Diversity is an important feature of image
descriptions produced by humans, and the lack of variability in machine-
generated texts is a common issue across many multi-modal computational
tasks (van Miltenburg, Elliott, et al., 2018). We hypothesise that using labels
of objects alongside their visual features is helpful for the generation of both
accurate and diverse paragraphs. Many studies on the related task of image
captioning have shown that adding high-level semantic representations of
object tags or labels as part of the input to the model helps produce captions
that score higher in automatic evaluation (Fang et al., 2015; Gan et al., 2017;
Wau, Shen, et al., 2016; You et al., 2016). Image paragraph generation models
have been shown to perform better by learning from both the visual features
of objects and their individual region-level descriptions (Liang et al., 2017).
Existing work has also focused on generating more coherent and consistent
image paragraphs (Chatterjee and Schwing, 2018) or learning better topics
for individual sentences (Wang and Chan, 2019). We study the question of
whether semantic representations of object labels extracted from hidden states
of the pre-trained region description model (DenseCap (Johnson et al., 2016))
improve the generation of both accurate and diverse image paragraphs. This
question has not been investigated before, and we are specifically interested in
transferring knowledge about the semantics of object labels from the model
that was specifically trained to capture such representations. These pre-trained
semantic representations of object labels can be viewed as general information
that the image paragraph generation model can learn from to better describe
objects in a multi-sentence text about the image. We also study how uni-
modal (vision or language) or multi-modal (vision and language) input to the

generator affect the accuracy and diversity of image paragraphs.
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Embodied question answering In the embodied question answering (EQA)
task (Das, Datta, et al., 2018) a virtual agent is required to answer questions
about target object. Both agent and target objects are placed in the visual
environment, but in two different locations. The agent first needs to locate the
target object by navigating the environment using its perceptual information
and history of previous navigation steps. Once the agent decides to stop, it
answers the question using the last five image frames in its perceptual history.
The EQA dataset that was published in (Das, Datta, et al., 2018) consists of
automatically generated questions that ask about the colour, location and place
of the target objects. The research on the EQA task has focused on improving
the visual capabilities of the agent’s navigation component (Batra et al., 2020;
Wijmans et al., 2019). However, the question-answering component of the
EQA architecture has not been extensively studied, except for Thomason et al.
(2019), who investigated the role of each modality (language or vision) in
question answering. The results showed that the question-answering module
is capable of answering questions in previously unseen environments using
linguistic features alone. In other words, vision is not necessary to correctly
answer questions about a target object in the novel environment.

Other tasks have shown that vision is often overlooked by multi-modal
models. One prominent example of such task is the Visual Question Answer-
ing (VQA) task and corresponding datasets (Antol et al., 2015; Hudson and
Manning, 2019; Ren, Kiros, et al., 2015), in which the model is required to
answer the question about the image. Zhang, Goyal, et al. (2016) have shown
that questions in VQA datasets can be answered correctly without looking at
the image due to linguistic biases. By collecting a more balanced dataset where
each question is paired with two images that result in two different answers,
Goyal et al. (2017) have shown that models struggle to learn from visual in-
formation when tested on this dataset. Another example of the task in which
vision is important is prediction of colours of common objects (Norlund et al.,

2021). Schiiz and Zarriefd (2020) have additionally shown that the prior infor-
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mation about the object itself can help the model to learn predict the colour
of the object in the image. Liu, Yin, et al. (2022) and Zhang, Van Durme,
et al. (2022) demonstrate that text-only models lack visual commonsense
knowledge. Relying on vision is important as it helps overcome the reporting
bias in the multi-modal datasets, i.e., humans generally communicate novel
information rather than the trivial one (Gordon and Van Durme, 2013), and
this might result in unbalanced datasets that the models learn from.

Several studies analysed the behaviour of the VQA models and how they
“avoid” looking at the image (Agrawal, Batra, and Parikh, 2016; Agrawal, Batra,
Parikh, and Kembhavi, 2018; Kafle and Kanan, 2017; Kafle, Yousefhussien,
et al., 2017). Parcalabescu, Gatt, et al. (2021) emphasised the detrimental role
of biases in VQA datasets, which prevented models from learning to count
objects. More generally, Frank, Bugliarello, et al. (2021) demonstrated that
large pre-trained language-and-vision models learn "vision for language” and
struggle with properly balancing different modalities required for tasks. There-
fore, in Study V we explore the problem of learning from both language and
vision to a necessary degree in the context of the EQA task. In particular, we
investigate the general role of vision in the EQA task by gradually perturbing
visual inputs and examining how much vision is actually used by the question-
answering part of the EQA agent. Study V examines the effects that perturbed

visual information has on the performance of the EQA model.

Variation in human object naming The third task that we study is the
variation in human object naming using the ManyNames dataset (Silberer,
Zarrief3, Westera, et al., 2020). Recent work has looked at the contextual
factors that affect human object naming variation such as the role of visual
context (Médebach et al., 2022) and visual typicality (Gualdoni, Brochhagen,
et al.,, 2023). In their original study Silberer, Zarrief8, Westera, et al. (2020)
evaluated the existing pre-trained bottom-up object detector from (Anderson,
He, et al., 2018) and whether the labels predicted by this detector are within the
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set of possible names for the target object, where the names are provided by
the ManyNames dataset. We are interested in computational representations
of visual context and linguistic knowledge that can help us to capture variation
in human object naming. In Study VI, we use CLIP (Radford, Kim, et al., 2021)
to represent labels of objects and their visual features. We study how these
representations can be used by a simple classifier to approximate variation
in human object naming. While we do not develop a model that predicts
object names, we take the first step towards such a model by studying how
visual features of objects and semantics of their labels can be computationally
represented with the large pre-trained multi-modal model (e.g., CLIP) and

used for approximating variation in human object naming.

5.2.2.  Study IV: When an Image Tells a Story

o When an Image Tells a Story: The Role of Visual and Semantic In-
formation for Generating Paragraph Descriptions. Nikolai Ilinykh
and Simon Dobnik. 2020. In Proceedings of the 13th International
Conference on Natural Language Generation, pages 338-348, Dublin,
Ireland. Association for Computational Linguistics.

Link: https://aclanthology.org/2020.inlg-1.40/

5.2.2.1.  Overview

In this study we re-implement and evaluate the image paragraph model pro-
posed by Krause et al. (2017). The model is trained and tested with regard to
two aspects: (i) the type of input representations and (ii) the feature fusion
mechanism. In the case of the former we provide the model not only with
visual features of objects but also with encodings of object labels present in
the image. This information is treated as semantic representation of objects.
We compare two methods for feature fusion: max-pooling and attention.
While max-pooling fuses different vectors by taking the maximum value in

each of them and producing a single output, attention learns a type of fusion
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by learning to relate different vectors with each other. An example of such
multi-modal fusion is the cross-modal self-attention that has been analysed
in Study III. The features that we fuse are either (1) multiple visual feature
vectors corresponding to objects, (2) multiple feature vectors of object labels,
or (3) a concatenation of the two. The role of the fusion method is to learn
a compressed and possibly more informative representation from multiple
vectors. Fusion is performed on the original feature representations and its
result is passed to a sentence-level LSTM.

One important feature of this study is that we explore an LSTM-based
image paragraph model, which we re-implement based on Krause et al. (2017).
Our contribution is the analysis of the contributions of different input features
for the image paragraph generation task and evaluation of different feature fu-
sion mechanisms. We do not focus on the modelling architecture as such. We
also use beam search with width 2 to generate paragraphs and do not explore
other decoding methods. Our model implementation has one modification
to the original model: we do not learn to predict when the paragraph should
be finished. Instead we generate as many sentences in the paragraph as found

in the ground-truth.

5.2.2.2. Questions and findings

QuestionI How do word embeddings of image object labels impact the
accuracy and diversity of image paragraphs generated by a CNN-LSTM-
based generation model? We provide our model with both visual features of
objects and vector representations of the corresponding labels and train it to
generate a paragraph. The results demonstrate that either images or object
labels alone are not sufficient to generate image paragraphs of better quality.
Automatic evaluation shows that the models generally produce more accurate
paragraphs when using a combination of linguistic and visual features. In

terms of the evaluation of paragraph diversity, automatic metrics also show
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that the model benefits from both word embeddings of object labels and vi-
sual features of these objects. However, the results of human evaluation show
that humans generally do not favour descriptions generated by the model
conditioned on both modalities. They rate paragraphs that are generated by
the model that uses embeddings of object labels as its input higher, partic-
ularly in terms of sentence structure and text coherence. Also, according
to human evaluation, if the fusion method is max-pooling and the model’s
input is multi-modal, the resulting paragraphs include better word choices
and mention salient objects. Overall, embeddings of object labels are useful
for generation of paragraphs are similar to human-generated paragraphs in
terms of automatic evaluation metrics that focus on accuracy and diversity.
Human evaluation suggests that such embeddings are particularly useful for

generation of paragraphs with better sentence structure and coherence.

Question II Which of the two fusion mechanisms, max-pooling or atten-
tion leads to more natural image paragraphs? While both modalities appear
to contribute to the generation of more accurate and diverse paragraphs, the
choice of the fusion method is crucial as it determines how the model learns
from either uni-modal or multi-modal features. We compare max-pooling
and attention as fusion methods. In terms of automatic evaluation, pooling
different feature representations by taking the maximum value in every di-
mension results in more accurate paragraphs, while attention produces more
diverse texts. Humans prefer paragraphs generated by the model that uses

attention.

Question III How do intrinsic and extrinsic evaluation metrics compare
in terms of paragraph model evaluation? We compare the results of auto-
matic and human evaluation. Human language is challenging not only to

model but also to evaluate by humans. Automatic evaluation metrics does
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not favour texts generated from representations of object labels, instead giv-
ing higher scores to texts generated from multi-modal input. Multi-modal
input features lead to texts that are closer semantically and syntactically to
the ground truth they are compared with. However, humans rank descrip-
tions generated from word embeddings of object labels alone generally much
higher than others in terms of word choice, object salience, sentence structure,
and paragraph coherence. This becomes especially evident when looking at
increases in scores for sentence structure and paragraph coherence, two of the
categories in which semantic information is important. This can be explained
due to the importance of semantic information captured in embeddings of
object labels that is important for such categories as structure of sentences
or coherence of texts. This finding demonstrates that automatic and human
evaluation assess different aspects of the model’s outputs, and hence they

should be used together to evaluate different aspects of the generated text.

5.2.2.3. Implications for future work

Our results demonstrate that extracting useful information from linguistic
and visual representations is challenging for image paragraph generation.
Since humans favoured texts produced from embeddings of objects labels
alone, future work should investigate how to better use the visual modality.
Different locations and methods for information fusion and their effect on
performance need to be investigated as well. The information that is described
at the level of a paragraph might not be grounded directly in vision, there-
fore, representations beyond object labels or visual features should be tested.
Decoding methods also impact the quality of the output text and can also be

evaluated.

5.2.2.4. Author contributions

Ilinykh and Dobnik have jointly developed research questions. Ilinykh was

responsible for re-implementation of the image paragraph model by Krause
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et al. (2017). Ilinykh was responsible for implementation of different decoding
algorithms. Ilinykh and Dobnik have jointly analysed, discussed and inter-
preted results of the study. Both authors wrote and approved the final version

of the manuscript, where Ilinykh was the main author.

5.2.3.  Study V: Look and Answer the Question

o Look and Answer the Question: On the Role of Vision in Embodied
Question Answering. Nikolai Ilinykh, Yasmeen Emampoor, and Simon
Dobnik. 2022. In Proceedings of the 15th International Conference on
Natural Language Generation, pages 236-245, Waterville, Maine, USA
and virtual meeting. Association for Computational Linguistics.
Link: https://aclanthology.org/2022.inlg-main.19/

5.2.3.1.  Overview

The previous study shows that language-and-vision models are often more
biased to language modality and struggle to learn from visual modality. This
is very prevalent in the domain of the visual question answering task (Goyal
etal., 2017). The current study expands the context of the multi-modal feature
representation learning and investigates how vision is used by the question
answering module employed for the task of embodied question answering,
in which a visual agent has to first navigate to the target object in order to
answer a question about it. EQA (Das, Datta, et al., 2018) has two independent
sub-tasks of navigation and question answering. The connection between the
two is learned by reinforcement learning and there is no guarantee that the
agent really sees the object that the question is about. The dataset introduced
with the task in Das, Datta, et al. (2018) has image rendering issues, making
images incomprehensible to the human eye and, therefore, not suitable for
the task. Another problem is that as the questions in the dataset are generated
automatically, this introduces biases that raise hallucinations in models. The

answers are unnatural because they have been automatically generated from
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non-human colour labels and the distribution of colours in the dataset anno-
tations is problematic. We point out that the set of colours used in the dataset
was chosen for a different purpose (to emphasise visual contrast) rather than
for describing colours in real-world images. One important motivation for
our study is to examine in detail how much models can learn from such biased
dataset.

Given that images in the EQA dataset have context, content and structure,
we remove each of these elements one by one. These perturbations are then
used to test how much visual understanding is preserved by the EQA model
that is trained on the original images. Our goal is to examine how each of
these changes to the visual input affects the performance of the question
answering module in the EQA agent to have a better understanding of what
type of represented knowledge the model is using. The context of the image is
removed by replacing the visual scenes of the environment with a different
scene from the dataset. To remove both context and content, we replace the
image with a black image (consisting of zeros, thus, keeping some form of
structure). Finally, providing the model with random values (noise) eliminates

any knowledge from the input, including context, content, and structure.

5.2.3.2. Questions and findings

QuestionI How does the question answering module of the EQA agent
performs with perturbed visual features? We train the question answering
model on original data of images-question pairs (Vis-L), but test it on data with
different visual perturbations. The models are evaluated with accuracy and
mean rank across all three types of questions: colour room, colour, location.
The model performs the best when it is tested on the original data. The model’s
performance decreases when it is tested on the scenes from randomly chosen
visual environments (Eval-Shuffled). Next, the model struggles even more

when tested with black images (Eval-Blind). Finally, the model’s performance
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is the lowest when instead of images it’s provided with vectors of random
noise (Eval-Random).

We observe that removing context and content (Eval-Blind) is not detri-
mental as the decrease in performance is much smaller than removing struc-
ture alongside context and content (Eval-Random). If an image has at least
some structure (such as a black image), the model performs well, and its per-
formance will not decrease a lot compared to the performance of the model
with original images. For example, Vis-L has the mean rank of 10.137 for loca-
tion questions, Eval-Blind has the mean rank of 13.278, and Eval-Random
has the mean rank of 18.33. The model that uses black images is closer in terms
of its performance to the models that use original images. The results suggest
that even if the model cannot properly understand the context of the visual
scene, it can still use patterns from images that are structurally not varied
(zeros for black images). This type of information, together with language,
is sufficient for the model to classify for the correct answer. This is possible
because the model is using only its internal structures to predict the answer.
These structures are learned during training on the automatically generated
dataset with three types of questions about visual environment and limited
set of answers, where some of the answers are more frequent than others. This
behaviour is not desirable as it means that the model is not entirely ineffective

in using vision, but it also does not fully understand vision either.

QuestionII  Are question embeddings enough for the question answering
module to perform well in the EQA task? We also train and evaluate question
answering models on representations in which we gradually remove vision.
In terms of the overall accuracy, we observe that the best model uses both
images and questions, the second-best model uses only questions and the
worst model uses black images and questions. In terms of the mean rank, the
picture is different: the best model is the one that uses questions alone, while

other two models have worse performance. This question-only model also
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achieves the best performance on location questions (e.g., “what room is the
chair located in?”). These results suggest that there is a considerable bias in

the dataset as the models can successfully hallucinate the answers.

5.2.3.3. Implications for future work

Our work demonstrates that dataset quality is highly impactful on the mod-
elling success of the EQA task. The dataset can be improved by collecting the
dataset with natural questions of more than three types and answers which
exhibit the variation in human answering. For example, there are multiple
shades of brown that could be used by humans to describe a “brown couch”
Modelling such variation from the well-designed dataset is what will improve
the EQA task and corresponding models. One interesting research direction
that we see is a wider focus on the type of feature representations a question-
answering model requires. Perhaps expanding its view of the object or its
environment will provide more context to make the right prediction about
the target object. Such features (and better dataset quality) could also be help-
ful in overcoming the dataset bias. Better dataset will results in valid useful
information that can be used by the model, unlike the information that is
currently provided, i.e., biased answer distribution, problems with navigating

to the right room, image rendering problems.

5.2.3.4. Author contributions

The work is based on the master thesis work by Emampoor that Dobnik and
Ilinykh co-supervised but the research questions have been expanded and
experiments were re-run/re-validated leading to new analyses. The initial
codebse has been provided by Emampoor. Ilinykh was responsible for the
experiments and re-run of the models. Ilinykh and Dobnik have extensively
analysed, discussed and interpreted results of the new analyses. Ilinykh and

Dobnik wrote the final version of the manuscript, where Ilinykh was the main
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author. Emampoor read the final version and provided comments. All authors

approved the final version of the manuscript.

5.2.4. Study VI: Context matters in object naming

» Context matters: evaluation of target and context features on varia-
tion of object naming. Nikolai Ilinykh and Simon Dobnik. 2023. In
Proceedings of the 1st Workshop on Linguistic Insights from and for
Multimodal Language Processing, pages 12—24, Ingolstadt, Germany.
Association for Computational Linguistics.

Link: https://aclanthology.org/2023.1imo-1.3/

5.2.4.1. Overview

Yuhas et al. (1989) show that information from different modalities is supple-
mentary rather than complementary in human communication. The interac-
tion of modalities has been explored in studies that show that visual features
are used more when there is a certain level of linguistic semantic underspeci-
fication (Pezzelle, 2023). In the current study we test different linguistic and
visual representations for capturing variation in the human object naming
task. The dataset that we use is the ManyNames dataset (Silberer, Zarrief3,
Westera, et al., 2020) in which humans were shown an image with the target
object in red bounding box and were asked to name this object. Each target
object has received 36 names from different people. Our task is to capture vari-
ation among these names as we test different feature representations extracted
with CLIP (Radford, Kim, et al., 2021) model and examine which features
results in a better approximation of variation in object naming by a simple
classification network.

In our experiments, we represent input to the model in three different
conditions. In the first condition (Target) the input vector to the classifier
includes either a CLIP-based embedding of the label of the target object or

its visual feature vector or a combination of both. We take labels of objects
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from human annotations in Visual Genome (Krishna et al., 2017) as target
objects in ManyNames dataset were chosen based on the annotations in Visual
Genome. In the second condition (Context-as-Objects) the input vector
contains representations of the context objects. We represent context with
CLIP-based embeddings of labels of context objects or their visual features.
In the third condition (Context-as-Scene) we use CLIP to encode whole
image as one vector and use representation of a linguistic string describing
image as a whole. The string itself consists of a number of relation triplets
which are taken from Visual Genome annotations. We feed configurations
of features individually to the classifier as its input and learn to predict the
name for the object. The classifier produces a probability distribution over
all possible labels in the vocabulary. This distribution is used to calculate
entropy. The entropy of labels produced by the model and different human
describers are correlated to evaluate differences. We compute correlation
between entropies with Spearnan’s rank because entropies predicted by the
model and labels assigned by human annotations are different numeric types.
We aim to identify such a set of visual features and word embeddings of labels
of either target or context objects that allow us to get as close as possible to
the variation in human object naming.

We aim to estimate the variation among many different humans in object
naming. Computing such estimation is challenging as it requires understand-
ing of all the different heuristics that speakers use (Dale and Viethen, 2009),
including factors such as the visual typicality of objects (Gualdoni, Brochha-
gen, et al., 2023) or individual styles of referring (Di Fabbrizio et al., 2008).
Cultural background also plays an important role in human object naming.
We expect that estimating variation over several speakers will reveal precisely
these contextual factors while remove the variable of individual preferences
for particular words that would be modelled if we only examine one speaker.
In this paper we examine whether the model will produce the same variation

as a group of speakers given a particular situational context.
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5.2.4.2. Questions and findings

Question I Can CLIP-based image and text embeddings be used to cap-
ture variation in human object naming? We find that providing the model
with embeddings of labels of target objects (Target) results in lower entropy
when predicting the target names and higher correlation with variation in
human object naming. This result is expected as target object’s labels in Vi-
sual Genome are likely to be similar to the names produced by humans in
ManyNames dataset. Using CLIP that has a lot of pre-learned general and
perceptual knowledge about the target object to encode its label is therefore
very informative for the naming classifier. However, a combination of em-
beddings of target object’s label and its visual features reduces the model’s
uncertainty the most and increases correlation with humans in naming. We
also find that in the second condition, Context-as-Objects, when context
objects are represented with embeddings of their labels, the model has higher
correlation with humans in naming. Combining these features with visual
features of context objects leads to the lowest correlation with humans. This
result suggests that CLIP-based representations of context objects’ labels are
more informative than their visual features for variation in object naming.
Representing context in terms of the whole scene (Context-as-Scene) might
have its benefits as the model has access to not just object representations, but
also to a much broader context, possibly allowing the model to learn more
about the scene and object relations. We observe the highest correlation with
humans when context in the third condition is represented multi-modally. It
is unclear what is the optimal representation of a scene with text, as encoding
relation triplets with CLIP to represent the scene produces no correlation
with humans. Overall, variation in human object naming can be best approx-
imated with a combination of embeddings of target object’s labels and its
visual features encoded with CLIP. Scene-level context representations (third
condition) that consist of a combination of a scene visual feature vector and

embedding of triplets describing the scene lead to the best model that uses
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only knowledge of context objects to approximate variation in human naming.

Examining each feature representation in isolation is useful as it provides
a better understanding of what each modality can contribute to the model
on each representation level (target, context as objects, context as scene).
However, object naming is directly related to the task of referring expression
generation, which typically implies that context is essential for reference.
Knowledge of context (specifically, visual) allows for the effective identification
of the target object with a distinctive referring expression (Reiter and Dale,
2000). Therefore, here we concatenate feature vectors which are informative
for capturing variation in their respective feature sets, e.g. target, context as
objects, context as image. We concatenate features from such conditions which
have shown the best correlation with humans in naming. Therefore, there are
three different feature sets to be combined with each other, one per condition.
We observe the highest correlation with humans in variation in naming when
the model is provided with the concatenation of multi-modal features of the
target object (Target, condition one) and scene (Context-as-Scene, condition
three).

5.2.4.3. Implications for future work

Future work should investigate models other than CLIP to encode feature rep-
resentations. However, studying how CLIP’s own representations contribute
to the task is also important in order to understand the contributions that
CLIP makes in, for example, Target condition: How much does CLIP know
about different target objects? Another research direction is to explore more
feature combinations as in this study we combined only the best-performing
features per condition. We also believe that studying differences within and
between different domains (e.g., food, nature, house) is worth investigating,
as variation can depend on the domain as well. For example, an object on its
own can be named “a cake”, but within a set of other foods it might be named

“a dessert”, and we need to capture such shifts computationally in order to
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produce more natural names which is useful for a variety of tasks including

image captioning and referring expression generation.

5.2.4.4. Author contributions

Ilinykh has developed the first version of the research questions and their
relevance for the previous findings. Ilinykh and Dobnik have jointly developed
final research questions. Ilinykh was responsible for the experiments. Ilinykh
and Dobnik have extensively analysed, discussed and interpreted results of the
study. Both authors wrote and approved the final version of the manuscript,

where Ilinykh was the main author.
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5.3. Part III: Task-specific evaluation of model-generated

image descriptions

Studies in this part of the thesis analyse the output of different image descrip-
tion systems. In general, the studies address the following question:

« Do models learn to generate texts that exhibit properties of human-
generated texts in tasks such as image paragraph generation and per-
ceptual category description generation?

Study VIin the previous part of the summary has addressed this question
for the task of capturing variation in human object naming. We examined
how a computational model of object naming learns to replicate a property of
human object naming, i.e. variation. Here we explore this question in terms
of two different tasks: image paragraph generation and perceptual category
description generation and interpretation. We evaluate discourse structure in
generated image paragraphs on the text level in Study VII. We focus on noun
phrases and their distribution across sentences in the paragraph. We introduce
the task of perceptual category description generation and interpretation and
develop baseline models in Study VIII. We evaluate generated descriptions of
categories for discriminativity and argue that discriminative descriptions of
categories are important as in-domain categories might be very similar. In
both studies, we use transformer-based architectures based on the standard
transformer (Vaswani et al., 2017) or object relation transformer (Herdade
et al., 2019). We also employ both deterministic and stochastic decoding
methods introduced in Section 4.2. Study VII uses several evaluation metrics,
e.g., automatic evaluation with metrics like CIDEr (Vedantam, Lawrence
Zitnick, et al., 2015), human evaluation, and evaluation of discourse structure
in image paragraphs in noun phrases and their linking with objects in the
image. Study VIII uses automatic evaluation metrics but argues that the
performance of the model that generates perceptual category descriptions

should be evaluated based on the performance of the model that interprets
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these descriptions for the category classification task.

5.3.1. Motivation

Discourse structure in image descriptions The topic of discourse coher-
ence in language-and-vision tasks is under-explored. Work like Alikhani, Nag
Chowdhury, et al. (2019) and Alikhani, Sharma, et al. (2020) has examined
coherent relations in image captions and proposed models for generation of
coherent captions. These works were inspired by the insights from discourse
coherence theory (Hobbs, 1979). In our analysis we are inspired by the Cen-
tering theory (Grosz and Sidner, 1986) with its main proposal that humans
generate specific reference patterns to produce a coherent discourse. These
reference patterns are represented as a (re)introduction of central entities via
referring expressions in different sentences.

The novelty of our research is that we focus on the analysis of discourse
structure in the image paragraph generation task, which is a natural test-bed
for this analysis because sentences in a paragraph need to form a coherent
whole. One of the tasks we study in this thesis is generation of image para-
graphs. Study III analyses self-attention in the model that generates image
paragraphs. Study IV examines generation of more accurate and diverse im-
age paragraphs. We focus on the discourse structure in image paragraphs in
terms of choosing and realising a particular set of image entities that will be
mentioned across multiple sentences and form a coherent text.

Study VII examines discourse of image paragraphs at the text level. We
demonstrate that replicating human-like structure of paragraphs in terms of
object referring expressions, noun phrases, their order and attention structure
on the image is challenging for models that only representations of visual fea-
tures of the image and textual features of descriptions. Humans use more infor-
mation to produce paragraphs, for example, world knowledge (Section 3.1.1).
We also show that not every automatic evaluation generation metric is suitable

for evaluation of coherence and flow in image paragraphs. But it is not only
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the text alone that determines how humans structure the discourse of image
descriptions. Images also can have an effect on the structure of a description
as they introduce structure of the world. For example, images within the
house domain are organised in a particular way and research has shown that
when humans describe them, they take the listener “on a tour” (Linde and
Goguen, 1980). However, not every house in the world has the same structure
and configurations of objects in different room types (kitchens, bathrooms)

can vary between communities.

Perceptual category description generation and interpretation People
may refer to visual situations that do not directly involve images. Humans
can learn to represent concepts as perceptual categories, for example, they
might have an idea of how a “penguin” looks like. To talk about penguins
we do not need to see one as we can access our concept of a penguin and
use it. Rosch et al. (1976) show that human’s conceptual representations of
categories depend intra-categorical features and prototypicality effects. Such
representations are often used jointly with the knowledge of examples from a
category (Blank and Bayer, 2022). Therefore, learning to automatically navi-
gate both category-level representations (more abstract) and exemplar-level
representations (grounded in visual information about instances of a cate-
gory) is essential for natural language generation and interpretation (Silberer,
Ferrari, et al., 2017). Study VIII introduces models that use two types of repre-
sentations of categories: instance-level representations (e.g., visual features of
images) or category-level representations which are abstract representations
learned per category in the classification task. The study also explores whether
texts that are generated from such representations can be used to predict

unseen categories.

Evaluation of accuracy and diversity of image descriptions generated by

different decoding methods Experiments that analyse texts generated by
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language-and-vision models are typically conducted within the task of image
captioning (Bernardi et al., 2016). Captions are generated by different decod-
ing methods and we introduce methods that we use in this thesis in Section 4.2.
Captions are then evaluated for their quality in terms of correspondence to
the ground-truth human-generated captions. Diversity is another property
of human-generated texts and by diverse texts we understand descriptions
that consist of combinations of different words, while also being natural to
humans. Some methods have been proposed for generation of diverse cap-
tions (Ippolito et al., 2019; Lindh et al., 2018; Schiiz, Han, et al., 2021). Dai et al.
(2017) and van Miltenburg, Elliott, et al. (2018) show that image captioning
models struggle to produce varied texts because they explore only the head of
the probability distribution due to a maximum likelihood training objective.
Generating diverse captions is important for generation of human-like descrip-
tions, because, for example, 99% of image captions in widely used MSCOCO
image-caption dataset are unique (Devlin, Cheng, et al., 2015). In addition,
more diverse texts that are generated by stochastic decoding methods that
rely on sampling are also perceived as more human-like (Meister, Wiher, et al.,
2022).

Both quality and diversity are desirable characteristics of texts generated
by an image captioning model. However, they are not equally important for
all computational tasks that involve text generation (Wiher et al., 2022). Let
us look at text-only tasks. In machine translation the objective is to generate
a text in the target language that is accurate, grammatical and natural when
evaluated against the source language. On the other hand, story generation
requires a more open-ended and diverse text to be generated. Decoding
methods have a significant effect on the levels of quality and diversity that are
exhibited by generated texts and studying the output of decoding methods
across different tasks is therefore important. This part of the thesis explores
what type of texts are generated by common decoding methods when they are

employed in image paragraph generation and perceptual category description
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generation.

5.3.2.  Study VII: Do Decoding Algorithms Capture Discourse
Structure in Multi-Modal Tasks?

« Do Decoding Algorithms Capture Discourse Structure in Multi-
Modal Tasks? A Case Study of Image Paragraph Generation. Nikolai
Ilinykh and Simon Dobnik. 2022. In Proceedings of the 2nd Work-
shop on Natural Language Generation, Evaluation, and Metrics (GEM),
pages 480-493, Abu Dhabi, United Arab Emirates (Hybrid). Associa-
tion for Computational Linguistics.

Link: https://aclanthology.org/2022.gem-1.45/

5.3.2.1.  Overview

Every image and its description can be interpreted as a story. For example,
imagine an image that can be described as follows: “A boy is running to his
parents to ask for more ice-cream, because he loves it”. Other descriptions
might not tell a story as a sequence of events but instead inform about objects
and how they relate to each other by identifying them. For instance, think
of an image that is described with the following sequence of sentences: “A
car is in front of the office building. There are three pedestrians walking next
to it. The street is half-empty”. Both examples can be characterised in terms
of the discourse structure that they have: entities and events are organised
in a particular order in descriptions and this is our definition of a story. A
text with a good discourse structure has patterns in its surface-level organ-
isation, reflected in the choice of words, entities to describe, relations, and,
more importantly, their ordering between sentences. By discourse structure
we understand a distribution of nouns across sentences in the paragraph.
A model-generated paragraph exhibits a good discourse structure when it

replicates word choices and order of words in human-generated paragraphs.
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In this study we examine two characteristics of such multi-sentence
descriptions: structure and discourse in the task of image paragraph gen-
eration as in Studies IIT and IV. Sentences in paragraphs form a discourse
and we investigate whether image description models and different decoding
methods are capable reproducing such discourse. We train the object relation
transformer (Herdade et al., 2019) on the dataset of image paragraphs, Tell-me-
more (Ilinykh, Zarrief3, et al., 2019b), and evaluate the structure of generated
texts. We examine how discourse is realised in two types of texts (human-/
and machine-generated) and whether automatically generated paragraphs
show the same discourse structure as human-generated ones.

We test several decoding methods that allow to produce different text
realisations from the model’s knowledge. We use automatic evaluation met-
rics such as BLEU (Papineni et al., 2002) to compare generated texts with
human texts. Then, human evaluation of content and structure of generated
paragraphs is also performed. Automatic and human evaluation results are
correlated to examine if any automatic metric evaluates paragraphs on the
structural level and not simply on the n-gram level.

We then evaluate structure of discourse in more detail looking at lexi-
cal, visual, and attentional characteristics of the texts. In lexical evaluation
we compare texts in terms of the noun phrase distribution across different
sentences. As noun phrases typically describe objects, this type of evaluation
can indirectly highlight a matching or non-matching distribution of nouns be-
tween human-/ and machine-generated texts. Visual evaluation is performed
in terms of the objects that are described in different sentences. We examine
whether noun phrases in sentences can be linked with objects in the image
by using the linking method that was used in Studies II, and III. We analyse
whether texts generated with different decoding methods contain phrases
that can be successfully linked with objects in the image. We also conduct
an analysis of how model attends to objects and parts of the scenes when

in inference mode interpreting texts generated by itself and humans. This
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analysis is focused on the attention structure of humans and models as we

examine where in the image they both look at.

5.3.2.2. Questions and findings

QuestionI Which decoding methods produce image paragraphs most
similar to human-generated paragraphs with respect to automatic evalu-
ation metrics? We start by assessing the general quality of generated para-
graphs. This type of evaluation shows us how lexically, semantically, and
syntactically similar two types of texts are. We use a number of different
decoding methods described in Section 4.2. We look at the CIDEr score
to determine the decoding method that generates the most human-like de-
scriptions because this metric has been shown to achieve highest correlation
with human judgements (Vedantam, Lawrence Zitnick, et al., 2015). The best
method is the diverse beam search with width 2, which is one of the deter-
ministic decoding methods. Greedy search also has a very high CIDEr score.
Overall, in automatic evaluation, deterministic decoding methods such as
greedy, beam, and diverse beam search perform better than sampling-based
methods such as ancestral or nucleus sampling. Given that a full paragraph
is evaluated as a single item rather than being concatenated from individu-
ally generated sentences, the results indicate that the discourse structure of
paragraphs generated with, for example, greedy search, is similar to the one
in human-generated texts. Ancestral sampling with temperature performs
slightly better across all metrics than other sampling-based methods, indicat-
ing that temperature can be used to control the randomness in paragraphs.
Deterministic decoding methods such as greedy or beam search con-
sistently generate texts with low diversity across different tasks (Wiher et al.,
2022). In our study texts generated by deterministic decoding methods corre-
spond the most to the human ground-truth descriptions based on automatic
evaluation. This result means that word combinations in human descriptions

are not diverse, thus, images in the dataset are described very similarly to each
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other. One of the reasons for this might be the dataset domain: there are lim-
ited types of rooms in houses and rooms often share same or similar objects.
Therefore, the reason why deterministic decoding methods perform so well
in terms of automatic evaluation could be the fact that human descriptions
are not diverse. It means that a stochastic algorithm might not be necessary
as sampling provides more diversity which would result in paragraphs that
deviate from human-generated paragraphs.

We run human evaluation of generated texts for three criteria (relevance,
correctness, flow) and compute a correlation with the results of automatic
evaluation. Most of the automatic metrics do not correlate with human judge-
ments in relevance and correctness criteria. However, we observe a positive
correlation between different variations of BLEU (Papineni et al., 2002) and
human judgements of flow in descriptions generated with deterministic decod-
ing methods. This means that the higher the n-gram metric score, the better
the flow is in these descriptions according to humans. BLEU analyses texts on
the n-gram level and it is not capable of detecting discourse in the context of
the whole paragraph. However, as we observe a positive correlation between
BLEU and flow as judged by humans, we conclude that the paragraphs that
are generate by models and humans exhibit flow that can be captured even by
such naive evaluation metrics as BLEU. This also hints the reason why stochas-
tic decoding methods do not correlate with human judgements in flow: they
over-complicate the task and generate paragraphs with discourse that is more
complex than the one found in ground-truth. In addition, top-k sampling with
k = 2 generates texts for which CIDEr score (Vedantam, Lawrence Zitnick,
et al., 2015) shows significant negative correlation. This supports the result
that stochastic methods are not suitable for generation of image paragraphs
from Tell-me-more dataset (iliinykh-etal-2019-tell), possibly because these
paragraphs have simple discourse structure that can be better captured with

deterministic decoding methods.
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QuestionII How do sentences of model-generated and human-generated
paragraphs differ in noun phrases and their distribution across sentences?
We observe that the average number of noun phrases per sentence slowly in-
creases throughout the paragraph in machine-generated texts. In comparison,
humans follow an opposite trend: they generate more noun phrases in the
first sentence, and the number of these noun phrases decreases with each
subsequent sentence. This indicates that decoding methods differ in the way
they select noun phrases describing objects compared to how humans sample
and place noun phrases in different sentences. This shows that decoding
methods do not replicate human object description choice at a lexical level
between sentences in a paragraph. Automatic evaluation that was performed
to answer the first question has shown that there are decoding methods that
generate paragraphs with human-like structure at the paragraph level. But
when we analyse the structure on the sentence level in terms of noun phrases
and their distribution across sentences, the result is different: all decoding
methods tend to generate more noun phrases with each subsequence sentence
which is the opposite of what humans do. One possible explanation for this
is that decoding methods operate only with sequence probabilities, while
humans do take into account other semantic knowledge and context. Another
finding is that decoding methods tend to over-generate: they produce more
noun phrases per sentence than humans. However, they still might produce
acceptable descriptions, different from the structure present in human texts
used in the dataset. Next we examine how information described in texts and

images relate.

Question III How are descriptions of objects referring to objects in the
scene? Do different decoding methods generate texts that refer to those
objects generated by humans? We link noun phrases in descriptions with
labels of objects in the scene using an automatic algorithm. Then we use

Serensen-Dice coeflicient to calculate the overlap of entities referred to in
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model and human-generated text. The resulting score is small, indicating that
decoding algorithms and humans describe different objects. The highest over-
lap is observed when greedy and diverse beam searches are used, two of the
deterministic-based searches. One reason for this may be that automatically
generated texts simply include hallucinations and incorrect object descrip-
tions. Therefore, we also inspect whether the generated texts are grounded
in the image. Nearly 50% on average of the generated nouns can be linked
with objects in the image, but these objects are different from those described
by humans. Sampling-based methods appear to generate noun phrases that
are less likely to be linked with labels of objects in the image. This result
is expected as sampling is based on random selection of words that are not

necessarily grounded in the image.

Question IV Do models and humans focus on the same parts of images?
By automatically linking noun phrases in texts with object labels in images
we construct and analyse attention maps which highlight objects mentioned
in different texts. The results show that humans typically focus on several
objects in the first sentence and then focus on the details about these objects
in later sentences, as predicted by the Centering theory (Grosz and Sidner,
1986). In contrast, automatically generated texts often fail to mention objects
from different areas of an image in the first sentence. They also struggle to
capture potential topic shifts that occur towards the end of human-generated
paragraphs. Overall, the attentional discourse structure of automatically
generated paragraphs differs from the one observed in human-generated

paragraphs.

5.3.2.3. Implications for future work

Our results pave the way for the development of a new evaluation metric that
evaluates discourse structure in image paragraphs. Such a metric should focus

not only on the evaluation of surface-level patterns in texts but also on the
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distribution of different object descriptions across sentences. As Linde and
Goguen (1980) show, structure of images can impact discourse structure of
corresponding descriptions produced by humans. One possible extension of
our work is an automatic examination of whether such effects are observed
in machine-generated image descriptions. A different research direction is
to examine the complexity of the discourse structure in image paragraphs in
the Tell-me-more dataset (Ilinykh, Zarriefs, et al., 2019b). Our study suggests
that their discourse structure is easy to predict with deterministic decoding
methods, and stochastic decoding methods might not be the most optimal
decoding method choice. This result has broader implications for the general
question of how complexity of a dataset determines the tools that are suitable

to replicate patterns in this dataset.

5.3.2.4. Author contributions

Ilinykh and Dobnik have jointly developed research questions. Ilinykh was
responsible for running the experiments and conducting evaluation. Ilinykh
and Dobnik have extensively analysed, discussed and interpreted results of the
study. Both authors wrote and approved the final version of the manuscript,

where Ilinykh was the main author.

5.3.3. Study VIII: Describe Me an Auklet

o Describe Me an Auklet: Generating Grounded Perceptual Category
Descriptions. Bill Noble* and Nikolai Ilinykh*. 2023. In Proceedings
of the 2023 Conference on Empirical Methods in Natural Language
Processing, pages 9330-9347, Singapore. Association for Computational
Linguistics. *Equal contribution.
https://aclanthology.org/2023.emnlp-main.580/
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5.3.3.1.  Overview

In this study we construct and evaluate models for the task of perceptual
category description generation and interpretation. In the context of our
study we define perceptual category as abstract conceptual representations
of visual information about objects in the world. Perceptual categories are
useful to group objects based on their visual appearance and identify them
when compared to different categories. For example, “raven” is one perceptual
category which combines knowledge about different instances of raven as a
bird. Generating descriptions from either instances or categories is important
as humans can produce texts which are either visually grounded or grounded
in more abstract representations such as category representations. The latter
exemplifies situations where humans do not have immediate access to a visual
instance they want to describe and have to rely on their knowledge of the
category that this instance belongs to.

We propose a novel task of generating and interpreting descriptions
produced from either visual instances or category representations. Our mod-
elling scenario involves two agents. One agent is a generator that produces
a description of a category. The generator has knowledge of all perceptual
categories, i.e., it has seen at least one instance from each category. The other
agent is the interpreter, who lacks knowledge of some categories and is re-
quired to predict these unknown categories based on the description from the
generator and image of the category. We use descriptions of images of birds
from Caltech-UCSH Birds-200 dataset (Wah et al., 2011), which has instances
of 200 different bird species. The challenge is to produce descriptions which
are useful for the interpreter, who has the knowledge of a subset of categories
(seen, 180 categories) and has not seen some of the categories (unseen, 20
categories). We expect the interpreter to rely on similarities between the
unknown category that is described and its knowledge of other categories to
make a better prediction. The example from the dataset is shown in Figure 5.1.

Both agents are trained separately in a multi-task setup. The generator
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Figure 5.1. Example image of the Prairie Warbler category from Caltech-UCSH Birds-200
dataset (Wah et al,, 2011). One of the 10 ground-truth descriptions for this image is as follows:
“small dark yellow colored bird, with black stripes on his body, with exception of the wings
that are brown”

learns to produce a description, while the interpreter learns to make a category
prediction. Each agent also learns to predict labels of categories with two
separate classifiers, one per agent. Each classifier takes visual features of
images of categories extracted with pre-trained ResNet-101 (Russakovsky et
al,, 2015). The embeddings of these classifiers are then used as category-level
representations for generation of descriptions. The models and tasks that
they are trained for are shown in Figure 5.2. We note that during testing both
interpreter and generator are provided with the image of an instance from
a category, but instances of some of these categories (20 out of 200) were
not seen by the interpreter. Therefore, the task can be framed as zero-shot
learning.

The generator is based on a transformer architecture (Vaswani et al.,
2017). It takes one of three types of representations: (i) visual features of
images from a category extracted with pre-trained ResNet-101 (Russakovsky

et al,, 2015) (instance-level), (ii) embedding of the category represented as a
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Figure 5.2. The generator model (green) and the interpreter model (purple). The blue arrow
shows how descriptions produced by the generator are used by the interpreter.
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class embedding from the category classifier (category-level), (iii) or a com-
bination of the two. The interpreter is a classifier that learns category-level
representations and predicts category label. It takes visual features of an im-
age of a category to predict the label. It also uses descriptions of the classes
produced by the generator as auxiliary information to predict the unseen
classes. The descriptions are encoded with BERT (Devlin, Chang, et al., 2019)
and we take its CLS token as the representation of description. We fine-tune
BERT on descriptions that are seen by both interpreter and generator. The
classifier learns category representations which are close to the CLS vector by
being trained with cosine embedding loss. This loss prevents the model from
learning such representation that is close to the representation of a negative
class. Negative classes are classes which do not correspond to the class that
the interpreter has to predict.

We emphasise that the task of perceptual category description and gen-
eration is useful as a testbed for measuring the communicative success of the
generator in terms of the interpretation task. Our contribution is the idea that
the performance of the interpreter can be used to measure how optimal the
generated category description is. We also focus on generation of descriptions

that are discriminative enough to identify a category.
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5.3.3.2. Questions and findings

QuestionI How is interpretation of perceptual categories affected when
descriptions are generated from instance-level features or learned category-
level features or the combination of the two? Our experiments demonstrate
that it is challenging to learn category-level features. The interpretation model
achieves the highest scores when the generator produces descriptions from
instance-level features (e.g., images). Generating descriptions from category-
level features has resulted in lower accuracy in the interpreter. The worst
interpretation performance is observed when the generator is conditioned on
the combination of visual features of images and category-level representations.
This result suggests that for interpretation task category-level features are not
effective as they do not result in descriptions which are more useful for the
interpreter. Instance-level features of images lead to better descriptions which
help the interpreter. The performance of the interpreter on the unseen classes
is even higher when it is provided with human-generated descriptions of these

classes.

Question II Do discriminativity levels of perceptual category descrip-
tions play a role in the performance of the interpreter, and do automatic
evaluation generation metrics favour texts that are also more discrimina-
tive? We evaluate the generated descriptions based on the performance of the
interpreter. One of the important properties of natural descriptions of cate-
gories is a balance between how accurate and discriminative these descriptions
are. Some categories share a lot of similarities and descriptions then need to
be more discriminative of these categories. Other categories might be visually
distinctive and it might not be necessary to generate highly discriminative
category descriptions. The level of discriminativity in generated texts matters
because class-level descriptions must distinguish the target from others in
order for the interpreter to learn about intra-/ and inter-class differences and

similarities. Consider “a bird with a long pointy beak and yellow wings” and
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“a bird with a beak and wings”. The second description is so general that it can
be applied to many categories of birds, while the first description contains
mentions of features that are salient for the identification of a specific bird
category such as a yellow warbler.

We examine the discriminativity of generated descriptions. We compute
the metric by first extracting textual features as noun phrases from descrip-
tions. These noun phrases consists of a noun and one or more adjectives.
The discriminativity of a noun phrase is computed as the exponential of the
mutual information of how informative this feature is for the category. The
resulting score is low if the feature is common among classes and high if the
feature is less common, i.e., the feature is unique to specific classes. Com-
paring evaluation metrics such as BLEU (Papineni et al., 2002) or CIDEr
(Vedantam, Lawrence Zitnick, et al., 2015) and our discriminativity metric, we
observe the following result. Providing the generation model with category-
level representations results in the highest discriminativity scores if texts are
generated with nucleus sampling. Using nucleus sampling generally leads to
more discriminative texts, which is expected. At the same time, more discrim-
inative texts score low in automatic evaluation. The interpreter performs the
best when it is provided with texts which exhibit lower discriminativity. These
texts are generated with beam search and conditioned on visual features of
categories of instances. We observe a mismatch between the performance of
the interpreter and the evaluation scores of the descriptions generated by the
generator. Overall, the interpreter benefits from less discriminative descrip-
tions of categories. Image description models that are trained with maximum
likelihood objective are known to prioritise certain combinations of words
which are present in the training data the most (Dai et al., 2017; Devlin, Gupta,
et al,, 2015). It means that the models converge on the most common features
between image-text pairs in the dataset unlike humans who would prefer
more discriminative and more unique, category-/ or instance-specific features

to be mentioned in the description.
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5.3.3.3. Implications for future work

The results our study indicate that category-level abstractions from images
cannot be learned with a simple classification task and a linear layer alone.
New experiment using reinforcement learning between two agents similar to
Lazaridou et al. (2017) or a more complex variant of the training loss can be
used to develop better models for perceptual category description generation
and classification. Additionally, more fine-grained category representations
such as object-level features instead of image-level features might help the
models capture differences and similarities between classes and their instances
more effectively. Our study concludes that interpreter model does not require
discriminative descriptions of categories in general. More discriminative
descriptions might be required for specific categories as some categories are
too similar to be identified with a description that contains features that are
common among many categories. We emphasise that in order to make a
prediction about whether more discriminative descriptions are better for
category interpretation, the performance of the model must be compared on

a fine-grained category-level and not on the dataset as a whole.

5.3.3.4. Author contributions

Ilinykh trained and evaluated the generation models. Noble trained and eval-
uated the interpretation models. The task of perceptual category description
was developed in close collaboration by both authors. Ilinykh and Noble have
extensively discussed and interpreted results of the study. Both authors wrote,

read and approved the final version of the manuscript.



Chapter 7: Conclusions and discussion

The studies in this thesis examine several language-and-vision datasets, tasks
and deep neural models. We explore how such models process and learn
from multi-modal input representations. We also inspect how such represen-
tations affect structures that can be extracted and interpreted from the inner
mechanisms of models such as self-attention. We look at the textual output of
the models, investigating their discourse structure and discriminativity levels

important for a task.

7.1.  What have we learned from studies?

We outline conclusions from each specific study and describe how they relate
to research questions that this thesis answers. The questions were introduced

in Chapter 2; we repeat them here:

1. Research Question I: What is the role of self-attention in the multi-
modal transformer trained for such image description tasks as image
captioning and image paragraph generation? Does such self-attention
capture representations and structures that match our expectations and
findings from research on language and perception? Three studies in

Section 5.1 primarily address this question.

2. Research Question II: How can multi-modal representations of objects
labels and regions be applied in three different tasks such as image
paragraph generation, embodied question answering and variation in
human object naming? Do models designed for these three tasks learn
from such multi-modal representations? Three studies in Section 5.2

address this question.
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3. Research Question III: What are the properties of human-generated
texts that multi-modal models must acquire in the image paragraph gen-
eration and perceptual category description and interpretation tasks?
Can multi-modal neural models generate texts with similar discourse
structure as human-generated texts in the image paragraph generation
task? Are models of perceptual categories able to abstract from visual
representations and use this knowledge to generate descriptions that
exhibit discriminativity levels that are important for the task? Two

studies in Section 5.3 answer these questions.

Research Question I is addressed by the following studies. Study I exam-
ines structures built by the masked self-attention weights in the
of the object relation transformer (Herdade et al., 2019) for image captioning.
We find that this self-attention focuses a lot on previously generated nouns.
The entropy of multi-modal masked self-attention is low, indicating that it
learns the grounding of nouns in images. We compare these patterns with self-
attention in the text-only GPT-2 model (Radford, Wu, et al., 2019) which is
architecturally similar to the masked multi-modal self-attention. We observe
that the model focuses on words that neighbour the word that is being gener-
ated. We also find that multi-modal masked self-attention focuses on words
in syntactic dependency relations important for describing objects, i.e., the
NUMMOD relation that can be used to count objects. We observe alignment
in self-attention weights between masked self-attention and cross-modal self-
attention as, at a particular timestep, cross-modal weights focus on objects
which are described by nouns that are attended by masked self-attention.

Study II examines weights in the image encoder of the object relation
transformer (Herdade et al., 2019) for image captioning. We find that earlier
layers of this self-attention connect bounding boxes of thematically similar
and geometrically close objects, and later layers relate bounding boxes of
objects that are more distant from each other. We also find that providing the

model with patch-based representations does not result in the same structures
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in self-attention that we observe when the model is provided with bounding
boxes of pre-detected objects. We observe that later layers in the self-attention
on the image relate objects whose labels can be linked with noun phrases in
generated image descriptions.

Study III in the first part of the thesis explores self-attention
in the object relation transformer (Herdade et al., 2019) for image paragraph
generation. We observe that attention heads in later layers of cross-modal
self-attention learn grounding of nouns into objects. In comparison, we do not
find clear patterns of model learning to focus on objects which are described
in text in terms of spatial relations. However, we find that the model tends
to focus on landmark objects in earlier layers and attends to target objects in
later layers, indicating that the model does learn asymmetry about objects
which are in spatial relation (Dobnik, Ghanimifard, et al., 2018). We also find
that structures in masked self-attention in the object relation transformer
trained for image paragraph generation differ from those we observed in
Study I, where the model was trained for image captioning. Earlier layers of
masked self-attention in the current study focus on verbs and adpositions, and
later layers focus on nouns, adjectives, and determiners. In Study I, attention
heads in all layers of masked self-attention were mostly focused only on nouns,
adjectives, and determiners.

Research question II is addressed by the following studies. Study IV
inspects the role of multi-modal representations of objects and their labels in
the generation of more accurate and diverse paragraphs by the CNN-LSTM
image paragraph model. We find that embeddings of object labels extracted
from DenseCap (Johnson et al., 2016) combined with visual representations
of objects are helpful for generating paragraphs that are both accurate and
diverse as judged by automatic evaluation metrics. Human evaluation sug-
gests that the model generates paragraphs with better sentence structure
and coherence from embeddings of object labels alone. Max-pooling as a

method to fuse representations from two modalities leads to more accurate
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paragraphs. On the other hand, attention generates more diverse texts. We
find that humans prefer texts generated by the model that employs attention
as an information fusion mechanism. We also find that automatic and human
evaluation focus on different aspects of generated paragraphs. Automatic
evaluation judges texts generated from multi-modal inputs as semantically
and syntactically more similar to the ground truth. Humans rank descriptions
generated from embeddings of object labels and attention on them higher
across several criteria, i.e., word choice, object salience, sentence structure,
paragraph coherence.

Study V examines how much the embodied question answering model
learns from visual representations of images of the environment. We test
the model’s capabilities by performing perturbations to the visual input that
the model takes during testing. We observe that any perturbation results in
a decrease in the performance of the model. We find that this decrease is
smaller when the model is provided with random images of the environment
or black images, while random noise leads to the worst performance. We also
find that the model does not have to use information from images to answer
them as conditioning the model on language-only input results in the best
mean answer rank on all questions.

Study VI studies how representations of objects and their labels encoded
with CLIP (Radford, Kim, et al., 2021) can be used to build a model that
approximates variation in human object naming. We first ask how much each
individual feature of target or context objects contributes to learning better
approximate variation in human object naming. We find that CLIP-based
representations of the label of the target object and its bounding box are the
most useful for the model as then the model’s entropy scores correlate the
most with human variation. If the model is provided only with information
about the context, the highest correlation between the model’s entropy scores
with human variation is achieved when the context is represented by CLIP-

based representation of the visual scene and triplets that describe objects in
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relations in images. We then ask whether we can better approximate variation
by concatenating individual features of target and context objects. We observe
that overall the highest correlation with humans in variation in naming is
achieved when the model is given multi-modal CLIP-based features of the
target object and image as a whole (including the target object).

Research question III is addressed by the following studies. Study VII
examines quality and discourse structure of paragraphs generated by humans
and models. We conduct several types of evaluation. Automatic evaluation
shows that texts generated with deterministic decoding methods (greedy,
beam, diverse beam search) better correspond to the ground truth texts than
texts generated with stochastic decoding methods (ancestral sampling, nu-
cleus sampling, sampling with temperature). We also observe that scores of
the automatic evaluation metrics such as BLEU (Papineni et al., 2002) have
significant positive correlation with human judgements about the flow of
the information in image paragraphs when deterministic decoding methods
are used. This is an indication that stochastic decoding methods introduce
too much random variation in image paragraphs and affect their discourse
structure. Deterministic decoding methods better capture the discourse struc-
ture in paragraphs generated by the model that learns from the Tell-me-more
dataset (Ilinykh, Zarrief3, et al., 2019b).

We find that models generate more noun phrases in every next sentence
in the paragraph, while humans generate fewer noun phrases in every next
sentence. Models also generate more noun phrases than humans per sentence.
We find that around half of the nouns that are generated by the model can be
grounded in the image. We also observe that models and humans focus on
different parts of images in sentences in the paragraphs.

Study VIII introduces the task of perceptual category description gener-
ation and interpretation alongside baseline transformer-based models. We
build two models: the generator who produces descriptions of categories of

birds from either abstract representations learned by classifying birds or visual
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features of particular instances of birds. The interpreter learns to use generated
descriptions to predict the category label of instances from this category in a
zero-shot fashion. We find that the interpreter performs the best when it uses
descriptions which are generated from visual features of category instances.
We also find that choosing texts which are fed to the interpreter based on the
results of automatic generation evaluation leads to the highest performance
in interpretation. At the same time, we show that evaluating descriptions for
their inter-class discriminativity levels and taking descriptions which are more

discriminative results in the decrease in the performance of the interpreter.

7.2. Discussion

Below we provide our interpretation and discussion of the results of studies

in this thesis. Overall, there are three general outcomes of our research.

7.2.1.  Conclusion I: on the role of self-attention

Examining self-attention in the object relation transformer used in image
captioning and image paragraph generation shows us that self-attention can
capture knowledge of object grounding specific to the multi-modal task (Stud-
ies I, II, and III). We complement previous studies on self-attention in text-only
tasks and show that self-attention behaves differently in multi-modal tasks
(Study I). We also observe that self-attention can learn knowledge about the-
matic relatedness and visual proximity between objects in the image (Study II);
a knowledge type that has not been identified before in multi-modal self-
attention. We also see that self-attention corresponds well to human intuitions
about spatial language without explicit information about spatial language
(Study III), while previous studies focused on LSTM-based models and cu-
rated input features that provide the model with spatial knowledge of the

scene.
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In terms of a broader discussion, self-attention is one of the mechanisms
that neural models use to map input modalities with the desired output. The
inspiration for building such computational mapping between input and
output comes from human performance. For example, we first see an image
and then we produce a sentence about it. Based on these assumptions we
introduce inductive biases in models of language and vision. A convolutional
network takes an image and an LSTM network generates a description. Each
of these networks is biased to fit modality-specific knowledge because of
inductive biases incorporated in the mechanisms inside these models. The
inductive bias of self-attention inside transformer models, especially a multi-
modal one, is less clear. We show that self-attention is a useful mechanism
for information fusion as it allows models to identify matching patterns in
the data and link information. Our results offer a step forward towards better
understanding of self-attention and its role in modelling information from
text and images, especially if this is of different sorts and ranges of continuous
values from pixels and labels of concepts and words.

My thoughts on this (which Anna agrees with) is that emergent proper-
ties really boil down to generalisations and knowledge captured by machine
learning algorithms which are biased to do so anyway. These generalise within
the biases and hypothesis space they are given but cannot extend beyond and
discover new knowledge. (i.e. that has not been in the data, it may be un-
transparent to us though but 5at means hidden and not emergent to me!).
Hence, attention allows us to provide bias in discovery of such knowledge by

providing extra guidance of what patterns connect the modalities.

“Emergent properties” and self-attention Research narrative around the
analysis of self-attention has involved the notion of “emergent properties”
specifically within vision transformers (Caron et al., 2021). Work in natural
language processing has shown that desired knowledge can be controlled for,

for example, by analysing the effect of norm growth on the representations
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learned in self-attention (Merrill et al., 2021) inside the T5 generative text-only
transformer (Raffel et al., 2020). Recent position paper by Luccioni and Rogers
(2023) argues that it is important to be clear and precise about definitions,
especially in the context of public and scientific narrative including mentions
of models acquiring “emergent properties”. The debate has been there due to
different definitions of what researchers mean by emergent properties. Our
position is that self-attention discovers emergent properties in the sense of
uncovering hidden and latent information and associations from patterns
in the data. These patterns may not otherwise be directly identifiable by
humans. Self-attention might also build intermediate hidden/latent structural
representations from the data, but they do not extend beyond such patterns.
Hence, the discovery of emergent properties is what is normally expected
of machine learning. This knowledge is then identified by us because self-
attention provides biases for its discovery and guides us towards patterns it

builds between different modalities.

7.2.2. Conclusion II: on the role of multi-modal

representations

Multi-modal representation learning is highly specific. The work conducted
in this thesis demonstrates that tasks often define the type of inputs and their
representations that are required. The range of knowledge that humans use is
broad as indicated by the example in Section 3.1. Here we test how linguistic
and visual representations are processed by models for three multi-modal
tasks. We show that using both embeddings of objects labels and their visual
features is useful for generation of not only more accurate, but also more
diverse image paragraphs (Study IV). We observe that agent that performs
embodied question answering task does not use visual features of images when
answering questions about objects in virtual environment (Study V). We also

find that the agent performs well when conditioned on black images. We
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conclude that the EQA task is not well-defined and the corresponding dataset
has biases because such non-informative features as black images are useful
for the model. We demonstrate that encoding multi-modal information about
target object and its image-level context with CLIP (Radford, Kim, et al., 2021)
is the best way to computationally model variation in human object naming.
Hence, very different features work for individual tasks and a representation
that works well for one might not work well for the other. This raises questions
about training a single multi-modal language model that performs many tasks
since there are multiple ways of doing this, i.e. even the models training

objective will affect representations that it learns.

7.2.3. Conclusion III: on the quality of generated descriptions

Our work analyses different characteristics of automatically generated image
descriptions important for two multi-modal tasks (Part 5.3). We demon-
strate that different decoding methods for image descriptions fail to replicate
structure and organisation of human texts (Study VII). We also illustrate the
challenge of generating descriptions for perceptual categories that are both
accurate, precise and discriminative at the same time (Study VIII). Overall,
we highlight the importance of using a diverse set of evaluation methods,
particularly task-specific ones.

Our research on the properties of human-/ and machine-generated texts
connects with the question of how to identify a text that is generated by a
machine. Recent research on large language models and texts they produce
has shown that they often generate disrespectful and hateful language (Bender,
Gebru, et al., 2021) and even fake information (Weidinger et al., 2022). These
texts are important to identify, and this can also be studied in multi-modal
contexts. We propose to identify and examine if models generate texts that
exhibit structural properties of texts generated by humans in two multi-modal
tasks. One important question to consider is how to identify descriptions that

are viable alternatives, but are not ranked high by automatic measures as they
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are not identical to ground-truth image descriptions. We need to develop new
evaluation tools and methodology that will allow us to distinguish between

valid image descriptions and hallucinations.

7.2.4. General conclusion and future work

As novel tasks, datasets and models are being developed, the general trajectory
in the multi-modal natural language processing is to build a single model
that can perform multiple tasks and learn from multiple data sources. In
Section 3.1 we identify different sources of knowledge that are relevant for
computational tasks that we study in this thesis. These types of information
include world knowledge, perceptual knowledge, and knowledge of intents.
While the variety of information sources is important to achieve a more
general understanding of language and the world, simply providing more
data to a computational multi-modal model is not enough. In out studies
described in Chapter 5 and Chapter 6 we examine how models capture such
knowledge from computational representations of these types knowledge
in embeddings of images, objects in them and their labels. We also look at
how models capture such properties of human-generated image descriptions
which are relevant for tasks and intents that tasks introduce.

Performance of neural models on multi-modal text generation depends
on how the learning is structured and optimised. The importance of input
feature representation is hard to neglect as not every task would need the same
type of input information. While describing images requires, well, images,
discussing penguins in Antarctica might not require their image. On the
other hand, navigating in the house in order to find a fork requires a deeper
understanding of immediately available visual information, unless you are
familiar with the house layout and internal arrangements and can predict
where the fork would be without your vision. In the end, what we need are
specialist models that are not trying to learn everything about language and the

world, but excel at specific tasks such as generation of longer texts describing
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objects and relations in the visual world such as image paragraph generation.
The ability to describe the world in detail by means of language is useful in
situations where, for example, a machine is placed in the area that suffers
from a flood and it is not safe for humans to be there. A precise linguistic
description of the environment and if there are any people around and what
is their physical state might even save lives in this situation. Finally, let us
not diminish the importance of the general knowledge of the world as this
information is often a foundation for learning a more specific information.
This thesis shows that computational modelling of each language-and-
vision task has to be approached with special care. On the surface, compu-
tational tasks are identical to human tasks: humans and models generate
paragraphs, both also can answer questions about environment and predict
a name for an object. However, what makes the crucial difference is how
these tasks are performed internally in humans and models. This thesis is
inspired by these differences. We offer insights into how multi-modal models
can be built, interpreted and analysed based on what we know about human
perception and language. Future research should consider these questions and
turther study them without falsely claiming that current natural language pro-
cessing and computer vision models are achieving human-level performance

across diverse tasks.
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