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ABSTRACT

Globally 253 million people live with severely impaired vision. They face extensive challenges
in their day-to-day lives, from independently navigating and socialising, to fine-grained tasks
like reading, and identifying and interacting with objects. Assistive tools have been developed
to ease these challenges, ranging from the white cane to talking wearables, however, most
remain simplistic, doing little in the way of parsing and understanding the dynamic, 3D world
required for safe and easy interaction. Rapid advances in machine learning, computer vision
and natural language processing, however, coupled with the miniaturisation of electronics
and proliferation of mobile devices and wearables, are redefining the landscape of assistive

technologies for people with vision impairment.

This thesis takes concrete steps toward the goal of data-driven assistive technologies by
exploring methods for i) understanding visual scenes, ii) relaying this information to visually
impaired (VI) users, and iii) evaluating models for relaying information through natural
language. In the first direction, we develop a state-of-the-art weakly-supervised semantic
segmentation method which segments objects using only classification labels. These labels
can easily be collected from VI users as they interact with objects in the real-world. In the
second, we develop two methods for relaying information about the environment. We do this
by i) creating spatial audio soundscapes of 3D scenes, and ii) allowing users to directly ask
questions about their visual environment, which the system then answers. We validate the
first on human participants in virtual reality environments, and the second using quantitative
metrics on experimental datasets. In the third direction we investigate a widely-used dataset
for a sequential visual question-answering task and find that it contains exploitable biases
which are exacerbated by poor evaluation metrics. We then propose a better method for
evaluating, and quantifying performance on this task. In the future data-driven assistive
technologies hold much promise for people with vision impairment. Efforts must, however,
consider how well data-driven models port to real-world scenarios, where i) the incoming data
will be considerably different from that in established visual perception datasets, and ii) the

portability constraints of mobile devices are much more stringent.
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“Blindness is a world. I've sought to show that

that it’s one of a number of human worlds.”

John Hull, Notes on Blindness"

Introduction

Globally an estimated 1.3 billion people are living with some degree of visual impairment.
Of this group, 36 million are considered blind, 217 million as moderately to severely, and
188.5 million as mildly visually impaired [314, 362]. In the United Kingdom (UK), just over 2
million people are living with sight loss, with the prediction that this number will double by
2050 [230, |.

The consequences of sight loss are evident in the extensive challenges faced by visually impaired
(V1) people in everyday life. These challenges range from difficulties with navigating, and
socialising, to finer-grained tasks like reading, and finding, identifying, and interacting with
objects, all of which are exacerbated in unfamiliar environments [130, , , , |.
As evidence of the profound impact vision impairment can have on one’s quality of life and
productivity: in the UK, it is estimated that fewer than half of all registered blind people leave
their house each day, and only 1 in 4 VI people of working age is in employment, compared
with 4 in 5 non-disabled people [230, |. This, of course, introduces concomitant strains on
the economic and welfare state of a country [230, 266, 283]. The National Health Service (NHS)
estimates the total cost of eye health and sight in the UK to be £28 billion every year [260].
This accounts for the costs of preventing and treating eye conditions, as well as the indirect
costs associated with lower employment and reduced well-being, including the increased risk
of related health issues, like injuries due to falls [150, , , , , |. The main aim
of this thesis is to ameliorate some of these profound individual and societal costs through

the development of technology to assist VI people.

lyww.notesonblindness.co.uk
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Introduction

While some causes of visual impairment can be prevented or treated, a large proportion of sight
loss remains without a cure [94]. New treatments such as retinal prosthetics, optogenetics, and
gene therapy offer hope for the future, but they are still at a research or early implementation
stage and await evidence of real-life benefit to patients [93]. Assistive devices and aids have,
therefore, come to be ubiquitously used by VI people to ease their day-to-day living. The
Royal National Institute of Blind People (RNIB) estimates that nearly three quarters of the
VI population in the UK make use of mobility aids and other accessibility tools for reading,
writing, and computer usage [307]. By far the largest class of these aids employ either no
or only very simple technology, and are limited in what help they can provide. The white
cane, for example—a commonly used tool for orientation and mobility, and a global symbol
for vision impairment—only conveys information about the user’s proximal environment that

makes direct contact with the cane.

The rapidly changing technological landscape, however, is opening the door to revolutionary
changes in the way assistive devices may come to help VI people. Advances in machine learning,
facilitated by greater compute power and data, have furthered machine performance across a
range of perceptual vision and language tasks. In computer vision, impressive gains have been
seen in image, video, and 3D scene understanding [61, , , , , , , , ,

|, in natural language processing (NLP), in a host of language understanding tasks, including
language modelling, question-answering, and speech recognition |17, 81, , , , |,
and in combinations of the two |21, 24, , , |. Alongside this, the proliferation of
smart-phones and ubiquity of internet is providing a portable platform for deploying these
data-driven technologies. There is thus a great opportunity for these developments to assist

) ) ) ) ]

the VI community, and we are already seeing the beginnings of such |

This thesis, therefore, is positioned at the intersection of computer vision and NLP with the
aim of developing assistive technologies for vi people. In what follows, Section 1.1 discusses
vision impairment, and in broad strokes, the challenges facing vi people. Section 1.2 provides
a brief treatment of the existing assistive solutions for the VI community (with Appendix A
containing a more thorough coverage). Section 1.3 goes on to present the core research
contributions of this thesis, contained in Chapters 2 to 5, which take steps toward developing

data-driven assistive technologies for the VI community.



Introduction

1.1 Vision impairment

The World Health Organisation (WHO) formally defines vision impairment as the loss of
part or all of one’s ability to see, with a categorisation into either distance or near vision

impairment [251]2.
1.1.1 Causes

Globally the leading causes of vision impairment are cataracts, uncorrected refractive errors,
trachoma, glaucoma, age-related macular degeneration (AMD), diabetic retinopathy (DB), and
corneal opacity (Figure 1.1a). The prevalence of each of these conditions varies by region:
cataracts and uncorrected refractive errors, for example, have higher incidence rates in low-
to middle-income countries, while conditions like AMD, DB, and glaucoma, are more common

in high-income countries (Figure 1.1b).

DB, 4%

,i?{g :
L

=4

Corneal damage, 5%

AMD, 7%

Cataract, 39%
Glaucoma, 10%

Other, 17%

Africa, 9.2%
Refractive error, 18% e N

West Pacific, 5.2% v V4

(a) (b)

Figure 1.1 Global (a) causes and (b) prevalence of vision impairment. Source: World Health Organisation

Each eye condition is characterised by a distinctive field of view (FOV) profile. AMD, for
example, causes damage to the macula, resulting in a blurring of the central vision, while
glaucoma, caused by a build-up of fluid pressure in the eye, degrades the peripheral vision

over time, resulting in a vignette-like visual effect.

?Distance vision impairment encompasses a visual acuity of worse than 6/12, considered mild vision
impairment, all the way up to full blindness, characterised by a visual acuity of worse than 3/60. Near vision
impairment accounts for a near visual acuity of worse than N6 or M.08 with existing correction.
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1.1.2 Challenges of vision impairment

The challenges faced by VI people impact all facets of their life, from day-to-day activities and
movement, employment prospects, the ability to socialise, and overall physical and mental
well-being. Here, we discuss four areas that are the most challenging for vI people: orientation
and mobility, object interaction, reading, and social integration. This list is by no means
exhaustive and the severity of each challenge will additionally depend on eye condition, degree

of functional sight loss, and age, amongst other factors.

Orientation & mobility

Independent navigation, composed of way-finding (finding and orienting oneself relative
to landmarks) and locomotion (moving oneself from origin to destination efficiently and
effectively), presents one of the biggest challenges for people with limited sight [104, )

, |. This is because vision is able to deliver information at a high bandwidth which
is required for navigating highly dynamic real-world environments |10, |. Without it,
alternate senses and cues, which may not be as informative, must be used, and introduces
heavy planning and cognitive loads on the v1 user [104, , , |. Using public transport,

for example, is cited as one of the biggest day-to-day challenges for vi people, with the

RNIB estimating that 40% of VI people are unable to make all the journeys they want

or need to make [307]. Inevitably, and because our living and public spaces are usually
designed with the sighted population in mind [107], vI individuals are at an increased risk of
mobility-related accidents, injuries, and falls [150, , , , |. Over a three-month

period, the RNIB found that two-thirds of VI people were reported to collide with an obstacle
on the pavement [307], including street furniture, wheelie bins, parked cars, advertising
boards, temporary obstructions such as building works, trees, and bicycles. Even in familiar
environments, the variable presence of obstacles, changes in walking surfaces, and drop-offs
can present significant mobility hazards [308], and even experienced non-sighted navigators

may still experience difficulties [122].

Orientation and mobility training can be undertaken to ensure safer navigation without
vision [357]. This training typically involves learning to i) use mobility aids like the white

cane, ii) be accompanied by a sighted human companion, and iii) use orienting techniques like
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trailing, squaring-off, and landmark establishment [263]. It also involves learning to maximise

information from other available senses, most commonly, sound and touch?.

Navigating independently and safely from one point to another facilitates many other tasks,
including gaining education, seeking employment and socialising, giving rise to many other

knock-on difficulties for vi individuals.

Object interaction

A large part of our interaction with the world is with objects: in the morning, for breakfast,
we find the necessary crockery and cutlery, select the cereal we like, and ensure the milk is
not out-of-date. About our workday, we may read and respond to e-mails via a computer or

mobile phone. In the evening, we may read a book to relax, or do the laundry.

Such day-to-day activities present challenges for VI people [130)], requiring not only the ability
to locate the objects in question, but also interact with them in a fine-grained manner—reading
small text on a label, or determining if a device is powered on, for example. The navigational
aids in common use—the white cane, or a guide dog—offer only very little of the detail needed
to accomplish these tasks. Illustrating these difficulties, in a study conducted by the RNIB in
2015, nearly half of the vI people surveyed require help around the house, including support
for tasks like preparing meals, personal care such as washing and dressing, and moving around
the house [307]. Difficulties also arise in operating home appliances and heating controls,
stemming from interfaces not being well-designed for VI users [38, |. Even something as
simple as a flat-screen display, a trend in modern household appliances, introduces difficulties

for vI people who otherwise rely on tactile feedback provided by buttons [120].

Reading & learning

The ability to read is central to enabling this fine-grained interaction, and indeed indispensable
for acquiring information more generally, whether it is from carton labels, street signs, device
screens, or books. There are a growing number of services to facilitate easier reading and
information access, including magnification tools, Braille, optical character recognition (OCR)

software, text-to-speech engines, and screen readers® [23, 26, 97, 98, 99, , , , ,

3There exists a rich literature in sensory substitution—employing intact senses to obtain information about
the world in place of a damaged sense—for v1 persons [34, , |
4Platform-specific software which relays screen content, typically via speech.
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, , , |. Despite this, not all written information may be accessible to a VI person.
In fact, the RNIB estimate that half of the VI community regularly require assistance with
reading written information [307]. In accessing printed information, difficulties are reported
with instructions on medication boxes and food packaging, information on voting ballots®,
and information from banks and healthcare providers [307]. In accessing digital information,
while screen readers have been widely adopted by the vi community, information is now often
presented as highly formatted or integrated with multimedia content which may go beyond
screen reader capabilities. The heterogeneity of digital platforms too, whether website, mobile
app, or other, may present further challenges for a VI person navigating the digital space.
Without a focus on accessible design, which may be expensive to develop, both printed and

digital information may not be accessible by a VI person.

Reading and, closely associated, writing, are crucial tools to help people learn. This can go on
to adversely affect employment: only 1 in 4 registered VI people of working age in the UK are
employed [307]. While worth considering for vI adults, it is for V1 children where the impacts
of impaired vision on development and learning are most severe if left unaided [167, 353]. In
the UK, 25,000 children under the age 16 are registered as blind or partially sighted [235].
The majority of these children are in mainstream eduction [353], with an increasing number
without access to the specialist support needed for optimal learning and development [167].
Furthermore, learning materials and exams are not consistently made available in suitable
formats [95]. Programming, for example, an increasingly relevant skill for the future of work,
has been largely omitted from the curricula of Vi students because coding interfaces are

inaccessible, amongst other factors [53, 123], with only recent efforts to address this [236].

Social integration

As well as interacting with objects, we also need to engage with other people, for example, by
identifying the faces of friends and family, recognising gestures used to convey information,
and socialising. Limited vision makes these activities difficult, and hence may affect a vI
person’s ability to engage in social events and physical activities, meet new people, and
develop personal relationships. Supporting this, VI people often report feeling isolated or

cut-off from other people and things around them [307], with symptoms of clinical depression

51 in 5 vI people report being unable to vote in secret—projecting to around 70,000 people across the UK!
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and lower well-being more frequently observed in the VI population compared to the sighted
population [65, , |. This is particularly the case for those who have recently lost
their sight, or a part of it [325]. Feeling well is also influenced by a sense of being socially
accepted [270]. Perceived negative attitudes from the general public because of their sight
loss, as reported by over one-third of VI people in the UK [307], may therefore also contribute

to poorer mental health in vI people.

1.2 Assistive technologies for vision impairment

A number of assistive tools have been developed to ease the above-discussed extensive
challenges faced by the VI community. Beginning with very simple solutions like the white
cane and the guide dog, a host of technology-based aids have subsequently been developed to
extend the range of assistance possible. These solutions can broadly be grouped into three
categories [105, , |: 1) long-range assistive tools, for example, those that enable easier
way-finding and orientation within a global environment, ii) medium-range assistive tools,
for example, those that aid mobility, and avoiding and identifying obstacles in the user’s
proximity, and iii) short-range assistive tools, for example, those that facilitate fine-grained
interaction with objects, and access to information. An extended review of aids within each

of these categories is provided in Appendix A, with a brief sampling discussed below.

The white cane, a non-technological aid, is a simple mechanical device which allows the vI
user to detect the presence of, and sometimes identify, obstacles in their path. The guide dog
extends the navigational functions of the white cane by additionally assisting with coarse way-
finding, judging height and width constraints along a route, and reducing veering, a challenge
when traversing open areas and crossing streets. Guide dogs can also offer companionship to
VI people. Both of these solutions, however, are limited by the amount of information about
the user’s environment they can convey [299, |. This, however, does not make them poor
solutions. In fact, because it is simple, economical, and reliable, the white cane remains a

popular choice for navigational assistance in the VI community [332, |.

Completing day-to-day tasks, however, requires a wealth of higher-order information, most of

which is unavailable to VI people. Furthermore, if we look beyond simply completing tasks,
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day-to-day life involves, in parts, discovery and exploration—being able to read a poster
advertising a music concert, or admire the architecture of a nearby building, for example.
The challenge of developing assistive devices for the VI community, therefore, should not
only be to facilitate independence, but also offer a wholesome sight-like experience. Many

technology-based assistive tools, therefore, have been developed with these goals in mind, and

we discuss these in the grouping of long, medium- and short-range aids below (Table 1.1).

Long-range

Medium-range

Short-range

» VictorReaderTrek, £690 [310]
» SeeingEye, £54 /year [119]

» Talking Signs [72]

» BlindSquare, £39 [231]

» Nearby Explorer, £61 [16]

¢ Autour, £0 [182]

®MS Soundscape, £0 [227
$SWAN [R] [359]

<« BeltMap [42]

<NavBelt [R] [47]

¢ Kay Sonic Torch [R] [164]
#Bat K Sonar Cane [R] [204]
¢ Sonic Guide [R] [165]

@ TriSensor [R] [89]
$00I1Ce, £0 [224]

¢ EyeMusic, £0 [1]

#Sonic Pathfinder [R] [134]
¢ Capelle [R] [54]

< UltraCane, £635 [312]

<A MiniGuide, £300 [102]
<LByeCane [R] [211]]

< GuideCane [R] [48]
<CyArm [R] [§]

«TVSS [R] [34]

< BrainPort, £4000 [35]
«Vest [R] [244]
<FingerSight [R] [137]

* ZoomText, £540 [99]

* MAGic, £461 [97]

* [ris Vision, £2,495 [149]

* NuEyes, £5,995 [240]

* eSight, £8,995 [30]

* OXSIGHT Crystal, £6,000 [252]
» VoiceOver, £0 [206]

» TalkBack, £0 [23]

> JAWS, £0 [95]

» KNFB Reader, £77 [287]

» Giraffe Reader, £32 [279]

» Orcam Reader 2,£2,450 [250]
»MS SeeingAl, £0 [220]
»TapTapSee, £0 [67]
»iDentifi, £0 [328]

»Orcam MyEye 2, £3,250 [249]
»CyberEyez, £1,418 [74]

» Google Home, £89 [111]

» Amazon Echo, £90 [11]

» Be My Eyes, £0 [39]

» Aira, £914 /year [7]

Table 1.1 A sampling of long-, medium-, and short-range vI assistive technologies (and their prices). [R] indicates a
non-commercialised research exploration. Bold indicates real-time scene understanding applied to image/video stream,
excluding ocr. Colour indicates feedback type: »voice description, #spatial audio, «clectro/vibro-tactle, skvisual.

Long-range tools are dominated by beacon-based navigational aids |16, 42, 47, 117, 119, 148,
182, 227, 231, 316, 359]. These aids employ global positioning system (GPS) tracking and
landmark databases to guide the VI user toward or along a route of pre-established beacons.
Navigational guidance is usually provided via audio cues, like voice descriptions [16, 117, 119,
118, 231, 316] and spatialised sound [182, 227, 359], or haptic cues, like vibrations [12, 17].
Because they are Gps-based, these aids are primarily limited to outdoor navigation, and are
able to localise the user with reference to the beacons with only a coarse degree of accuracy.

Furthermore, they rely on the availability of databases with (relevant) tagged landmarks.
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Medium-range tools primarily focus on conveying information about the user’s proximal
environment for the purposes of mobility. This includes the white cane, the guide dog, and
their virtual extensions [3, 18, 85, , , , , , , |, so called electronic travel
aids (ETAs), which employ sonar or infrared technologies to detect obstacles further afield.
Since the primary function of these aids is to simply detect obstacles in the path of the user,
they are only able to capture a slice of any environment. In addition, ETAs are often based
on sonar or infrared, both line-of-sight technologies, and hence their pulse reflections are
prone to being blocked or distorted, for example by a passing person, or an opening door. As
a result, these aids are insufficient for safely navigating in all situations. Efforts have thus
been made to widen the environmental slice by capturing full images of the environment and
converting them to other sensory representations |1, 34, 35, 54, , |. However, uptake of
these developments by the VI community has been low [105, , | due to the inherent
challenges in extracting mobility-relevant information from an image, intuitively mapping

that information to another sense, and ensuring real-time performance [105].

Short-range aids assist with a selection of close-range tasks, including reading, and interacting
with objects and people [23, 26, 86, 97, 98, 99, , , , , , , |. Historically
Braille has been used by VI people to access written information. However, the increase
in digital content, and the effectiveness of screen readers and text-to-speech engines, has
reduced dependence on the tactile alphabet [355]. Screen readers |23, 26, 98], perhaps the most
commonly used of the short-range aids [307], have made computer usage more accessible by
relaying screen content and layout through synthesised speech or refreshable Braille displays.
Other tools magnify text, screens, and scenes |36, 97, 99, , |, or read printed text

aloud [119, , , , |, with both hand-held and wearable options available.

Despite recent advances, few VI assistive devices parse and understand scenes in real-time,
which is essential for handling the dynamic and visual nature of our world. The beacon-based
navigational services [117, , , |, for example, use GPs to localise and guide a user
relative to static landmarks, doing no real-time scene understanding. This may often be the
most crucial for safe navigation—for example, identifying a moving bus, a red traffic light, or

a temporarily open man-hole. Commercially available devices which transform 2D images
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6 simply employ deterministic mapping functions based on pixel

to alternate representations
(x,y) locations and intensities, without identifying what is actually in the image [1, 51, 224].
Screen readers simply operate by attaching verbal tags to elements on the screen, which are
then read out as a user hovers or clicks on them [23, 26, 98]7. Of those devices which do
perform some form of scene understanding, most employ only very rudimentary methods, for

example, OCR to read out printed text [250, |, or simple edge and contrast detection to

enhance high frequency regions of the scene [36, 252].

The design choices made in these existing technologies have largely been governed by the
available hardware and software. Meeting the computational requirements for capturing,
processing, and relaying information to users in real-time was difficult, and better functionality
came at the cost of size, portability, aesthetics, and battery life [105]. In addition, hand-crafted
features and small data hindered the perceptual abilities of computer vision models, which

reduced their functionality and robustness in real-world environments.

The exponential developments seen in machine learning, computer vision and NLP in recent
years [01, 84, , , , , , , , , |, along with the proliferation of
data and compute power, is paving the way for a new generation of data-driven assistive
technologies for vI people. If these technologies can capture and understand a user’s visual
environment, tailored to their individualised preferences and the current task, then it will be
possible for them to offer around-the-clock, generalised assistance. The miniaturisation of
electronics, improvements in on-board sensors, and expansion of cell coverage and internet
speeds, complement these advances by allowing mobile devices like smart-phones to serve as

platforms for deploying these technologies.

As an example of a possible tool, consider an app-based assistant which interprets a VI user’s
visual environment, streamed from a wearable or hand-held device, and delivers relevant
information about the scene in a form that is natural for the user to understand. The visual
representation can be obtained from an image classification, object detection, or semantic
segmentation pipeline [60, 61, , , , , , |, and integrated with a map of

the local environment constructed using real-time simultaneous localisation and mapping

SLive demos can be found at www.seeingwithsound.com and http://youtu.be/jVBp2nDmg7E?t=2m32s
"Screen readers are nowadays default on most mobile devices and laptops—a simple experiment on my own
computer ended in cacophony!
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(SLAM) [189, , , , |. The representation could yet further be augmented by fusing
information from other on-board sensors, like a GPS or inertial measurement unit (IMU), or
even online information, like building layouts, shop operating hours, and live public transport
timetables. When delivering this information, the assistant could interact with the user in a
similar way to Apple’s Siri [25] or Amazon’s Aleza [10], through natural language descriptions,
instructions, and answers to the user’s questions about their environment. The assistant
could equally deliver information via spatial sound or haptic cues, similar to existing assistive
tools [1, , , |, or, if the user is partially sighted, by projecting enhanced visual effects

on a wearable’s augmented reality display [30, |.

Taking a step toward this ultimate ideal, assistive tools which are based on data-driven
methods for scene understanding are already commercially available. Perhaps most well
known is Microsoft’s SeeingAI [220], a camera-based mobile app that is able to i) recognise
people nearby including their emotions, ii) describe the user’s surroundings, iii) describe
perceived colours, and iv) identify currency bills, along with reading text aloud with standard
OCR-based methods. Other mobile apps like TapTapSee 67| and iDentifi [328] perform object
recognition on an image or video segment, delivering audible descriptions of visual content,
including details like brand and colour (Figure 1.2). Wearables with similar capabilities are
also available |74, |, although typically not at the affordable cost of a mobile app. In
addition, advances in NLP and speech processing, have spurred the development of home voice
assistants likes Google’s Home [111], and Amazon’s Echo [11]. With the ability to control
appliances around the house, purchase supplies, play the news, podcasts, and audio-books,
and manage calendars on behalf of the user, these assistants, as a rather fortuitous by-product,
may help with some of the in-house challenges faced by VI people [14]. While a step in the
right direction, camera-based mobile apps offer only prescriptive sets of features, and home
assistants are solely voice-based, doing no visual processing of the scene. This, therefore,

restricts their usefulness to only specific types of tasks and scenarios faced by vI people.

To address these limitations and provide complete visual-based assistance across diverse
scenarios requires the help of a human. Meeting this need, mobile video-calling apps Be
My Eyes [39] and Aira |7] call on wirtual humans and connect sighted call-centre helpers

with VI users via a live video connection. Facilitated by the ubiquity of smart-phones and
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“Glass bottles on shelf”

Whie 8
= 8

VERY BERRY

“Fridge interior with bottles and cups” “Yellow and white box” “Black click pen on lined paper”

Figure 1.2 Verbal descriptions from the TapTapSee app [67]. When multiple objects are present, the descriptions fail
to differentiate between, or provide specific detail about, each of the objects.

internet access, assistance is real-time and can be provided across a range of tasks, including
navigation, sorting mail, identifying medication, reading labels, locating an empty seat or the
elevator, and colour-matching clothing. These services, however, rely on human helpers who
may not always be available, may not speak the vI user’s language, and may greatly vary
in the quality of assistance they deliver if not given proper training. Furthermore, using the
service requires a permanent (and fast) internet connection, which may not be available in all
scenarios, for example, on the underground. With rapid developments in machine learning
facilitating perceptual advances in machine vision and language understanding, it is becoming
increasingly possible that these human assistants may be replaced with data-driven models

with similar capabilities, hence circumventing many of these issues.

These steps toward data-driven assistive technologies for vI people are promising, however,
work remains to be done. Most of the current devices offer only basic scene and object
recognition under specific settings, with human assistants required for all others. It is
promising that advances in computer vision and natural language /speech processing will allow
more complex scenes to be understood, and relevant information to be more efficiently relayed,

thereby extending the range of assistance these devices can offer the Vi community.

12
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1.3 Research contributions

This thesis aims to enable fully autonomous, data-driven assistive tools which are able to
understand visual and linguistic information, and deliver useful assistance to a VI user as
a sighted human assistant would be able to do. With the problem statement and relevant

background framed in Section 1.1 and 1.2, the primary contributions of this thesis are in:

1. Understanding visual scenes (Chapter 2),
2. Relaying information contained within scenes to VI users (Chapters 3 and 4), and

3. Evaluating the effectiveness of relay methods (Chapter 5).

1.3.1 Understanding visual scenes

The first challenge in developing VI assistive technologies is to understand the visual scene.
In recent years, the computer vision community has made spectacular advances in scene
understanding from images and videos [2, (1, , , , , , , , , , ,

, |. The most widely adopted approach has been through understanding objects within
the scene, both in 2D and 3D |2, 60, 61, , , , , , , , 374], although others
have also focussed on understanding scene structure [1283, , , , , , , .
Object-centric representations are indeed natural because most of our interactions, including
those of VI people, are with objects. Supporting this, Brady et al. |[71] analyses the types of
questions asked by VI people and finds a majority about objects: object identification (‘What
is this?’, ‘Is this a Coke or Pepsi?’, ‘What bank note is this?’), object description (‘What
colour are these trousers?’, ‘Is the washing machine on?’) and reading text on objects (‘What

is the expiry date on these tomatoes?’, ‘What temperature is the thermostat set to?’).

An object-centric understanding of the world is therefore important for assistive technologies
and has largely been derived by asking where is it? and what is it? with reference to objects
in a scene. Starting with the first question, much work has focussed on localising objects
as 2D bounding boxes or masks in images and videos [131, , , , |. Although

useful, 2D object localisations are limited in what they can convey about a 3D scene of 3D
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objects. Consider a VI person navigating in a public space: it will be necessary to know where
obstacles are relative to the user (e.g. radial distance and angle) and how they are oriented
(e.g. facing away or toward the user). Much work, therefore, has focussed on estimating the 3D
position and 3D pose of objects [50, , , |. Beyond navigating and avoiding obstacles,
having objects’ locations and poses may also help VI people to find objects (for example, their
house keys amongst a clutter) and to interact with objects in a more fine-grained manner (for

example, orienting their chair appropriately in a social group).

The second question of what is it? aims to identify the class or category of objects within
a scene. This can be done at multiple levels of granularity: at a frame level, referred to as
classification |2, , , , |, a bounding box level [131, , |, as part of object
detection, or a pixel level [60, 61, , , |, referred to as semantic segmentation. Each
level of granularity can provide useful information to a VI person: a classification pipeline
could identify specific items in a grocery store, while semantic segmentation masks could
visually highlight objects/faces in an augmented reality wearable headset for partially-sighted
people [26, 252]. At each of these resolutions, both class and instance labels |28, , ]
may be valuable for making inter- and intra-class distinctions, respectively. A class label
could identify a T-shirt or food tin, while an instance label could isolate a specific T-shirt
(“my yellow Nike T-shirt”) or food tin (“Tesco baked beans”’)—common day-to-day tasks for
VI people |51]. Ultimately, a scene representation which incorporates both positional and
semantic information about objects will be essential for inferring higher-order spatial and

functional relationships between objects and helping VI people complete more complex tasks.

Learning to recognise objects relies on the availability of labelled data—an object detector, for
example, requires bounding box annotations, while a semantic segmentation pipeline needs
class labels down to a pixel-level. In many cases, labelled datasets for these tasks already exist
and can be used for learning. The time-varying nature of our environments, however, requires
that models can integrate their existing knowledge for specific tasks with that learned from
incoming (unlabelled) data streamed as the user goes about the real-world. To do this, labels

8

for some® or all of the new data will be needed, collected either by remote annotators or the

users themselves. A human-in-the-loop labeller is, in particular, attractive: human-centric

8Referred to as a semi-supervised setting in which only a portion of the full dataset is labelled.
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labels may enable more personalised solutions [232] as well as facilitate faster (on-device)
learning of new concepts. If the labeller is visually impaired, however, by virtue of their limited
sight, the labels they provide may be noisy, and not exactly matched to the task at hand. The
user may also be constrained to labelling mechanisms which are hands-free or “hands-light”,
for example verbal or short text inputs. As an example, consider a VI user purchases three
food items and wishes to train an object localisation system that can guide them to each
of the items in their pantry using audio cues. The simplest label the user could provide for
each item is its classification label. With access to only these, the system must then learn
to recognise and importantly localise the objects, a task for which it does not have explicit
annotations. Building models that can learn to understand scenes and recognise objects with
weak labels? that can be collected in an easy and user-friendly manner by VI users, is therefore

important for the development of assistive devices that work in the real-world.

Toward this goal, in Chapter 2, we develop a weakly-supervised method for semantic segment-
ation which uses only classification labels. This differs from the traditional fully-supervised
setting in which class labels for all pixels are available. Treating the segmentation as a
latent variable, we propose an Expectation Maximisation (EM)- and curriculum learning-based
algorithm to infer a per-pixel class distribution for all pixels in a given image. First, using a
combination of attention and saliency maps as coarse ground-truth segmentations for simple,
single-object images, we train an initial segmentation model. This serves to initialise a seg-
mentation model which we then train on complex, multi-object images using an EM approach.
Since only classification labels are available, within each EM iteration, we make the latent
per-pixel posterior distribution (computed in the E-step) more robust by i) constraining the
model to only place probability mass on the object classes present in the image, as specified
by its classification label, and ii) linearly combining this constrained posterior with a delta
distribution on the current iteration’s most-likely label for the pixel. These steps help to
guard against incorrect predictions in the current EM iteration derailing subsequent iterations.
We also incorporate an approximate intersection-over-union (10U) loss term [6, 63, | which
optimises the model for the commonly used 10U evaluation metric. With this, our algorithm
achieves state-of-the-art (SOTA) results on PASCAL VOC 2012 [39], improving on methods

which use classification label supervision by 4%.

9Labels for a necessarily lighter-weight task than the task of interest.
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1.3.2 Relaying scene information

Learning meaningful visual representations of scenes, however, is only half the task of devel-
oping an assistive device. The second step is to relay the information contained within a
given representation in a concise, correct, useful, and intuitive way. Existing assistive devices
(see Appendix A) have employed a variety of creative methods for delivering information,
ranging from an electro-tactile pin-array placed on the tongue [35], to producing natural
language descriptions of an image (67, , |, to employing spatial audio cues to highlight

nearby objects in the user’s environment [165, , ].
This thesis, as part of its second contribution, explores ways to relay information through:

1. Spatial audio soundscapes encoding the presence and location of objects in novel virtual
reality (VR) environments (Chapter 3), and
2. Natural language interactions between the system and the user, in the form of question-

answer dialogues (Chapter 4).

Spatial audio soundscapes

Relaying information to VI people often requires appealing to other intact senses. Motivated by
the increasingly better understood cross-modal plasticity of the brain [12, 13, 141, , , |
and the extensive literature in Sensory Substitution Devices (ssps) for VI people [1, 33, 34,
|, common feedback forms include tactile cues, for example

I I 9 I I 9 I

heat or vibrations, and audio cues, for example spatial sound or voice descriptions.

Most existing ssDs, however, either encode 2D images of environments |1, 51, |, or single
slices of 3D environments |18, ) , ) , ) |. This is limiting for independent
navigation and interaction within real-world 3D environments. Promisingly, however, there has
been a recent proliferation in portable devices that can rapidly scan and reconstruct real-world
scenes [189, , , |. Together these hint at the possibility of relaying information about

the structure and semantics of 3D environments in the real-world.

Chapter 3 develops two novel methods for conveying visual information through spatial

audio representations of 3D virtual reality environments. Our choice of audio over other
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forms of feedback is motivated by the fact that hearing, like seeing, is able to deliver spatial
information [202] which is required for our task of interest: navigation. The first method
converts distances between the user and objects in the environment into audible echoes, similar
to echolocation which is a navigational technique used by some VI people [173, , .
The second attaches continuous humming sounds to objects, and modulates their volume
based on the user’s distance to them. Importantly, in both methods, objects’ positions on
the azimuthal plane are spatially mapped using stereo sound sources, and distance to objects
can be estimated by using the delay of the echoes or volume of the hums. To assess these
representations, we task human participants to use audio to navigate and avoid obstacles
in the VR environments using an untethered VR headset. Based on a bank of quantitative
metrics to assess navigational performance and strategy, we find that participants are able to
successfully navigate after only a brief training period (< 6 trials). This suggests that the

audio soundscapes are useful and easy to learn for navigational tasks in 3D environments.

In addition to the soundscapes, the work makes a novel contribution in the way it evaluates
human navigation. Existing methods rely on keyboard- and joystick-based set-ups on a
computer. Instead, we test participants physically walking through VR environments, allowing
for proprioceptive feedback to be incorporated. In addition to studies of mobility and sensory
substitution, this has potential applications in spatial cognition studies where proprioceptive
information is relevant; for instance, spatial learning and memory [221, 298] and how they may

be affected by clinical conditions such as Alzheimer’s Disease |73, 101] or depression [111].

Natural language interactions

Along with passive cues conveying information about the structure of an environment, people
also actively probe and query their environments to extract the information they require.
Language is the natural choice for doing this because of its expressiveness, efficiency, and
natural intuitions which guide our use of it [116]. Services like Be My Eyes [39] and Aira |7]
already use human assistants to help vI people through natural language interactions. It is
the hope that one day these services may be fully autonomous. It is, therefore, important to

build models which can exchange questions and answers with a human about a visual input.
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There has been extensive work in visual question-answering (VQA) in recent years in both
curating data [4, 5, 24, 77, 79, 80, , , , , | and modelling [5, 20, 22, ,

, , |. Most of these approaches, however, focus on answering single questions.
While useful, autonomous assistants will likely need to engage in multi-step exchanges of
questions and answers (and even general conversation) with vI users. In addition, most of the
current approaches to both single- and multi-step vQA, frame the problem discriminatively:
given the image, question, and a set of answers, simply select the correct one from the
set |22, 24, 77, , , , , , |. These models, however, are not able to generate
answers—the very goal of a VQA system—and additionally place the constraint that a set of
answers be available at test time. A second class of model, therefore, employs a generative
approach, with the common method being to train a recurrent neural network (RNN) and
token-wise sample its learned likelihood to generate an answer |77, 78, , ) |. The
deterministic encoding of a RNN’s inputs, however, results in it yielding homogeneous answers
without a computationally intensive post-processing beam search [280), |. This differs from

the way humans easily phrase sentences with the same meaning in a multitude of ways.

Chapter 4, therefore, proposes a fully generative approach to visual dialogue (VD)—answering a
sequence of questions based on an image. We employ a variational auto-encoder (VAE) [171, 310]
to learn distributions over answer embeddings, conditioned on the image, its caption (a
short textual description), and the previous dialogue history. This enables us to sample
sets of answers which are diverse, without the need for beam search, and relevant, given
the distribution’s conditional nature. Motivated by the time and compute cost of training
recurrent models, and the recent successes of convolutional neural networks (CNNs) in language
generation and prediction tasks [141, , |, our approach is additionally fully convolutional,

learning sentence-wise rather than token-wise conditional distributions.

The second contribution of Chapter 4 incorporates the intuition that an assistant should not
just answer questions asked about an image, but should also be able to ask questions itself,
to clarify or request pieces of information. As an example, if a VI user asks ‘What is in front
of me?’, then an assistant may ask ‘Near or far?’ in order to provide a more informative
answer. With the exception of a few works [152, , |, the larger focus has been on

one-way question-answering models that solely answer questions about images [5, 20, 22, 24,
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, , , , , , , |. We, therefore, formulate a two-way question-answering
task, and propose a generalised version of our conditional VAE which is able to generate a

sequence of both questions and answers about a given image.

On the one-way question-answering task, under the established evaluation protocol [77], our
method improves the performance of SOTA methods, and also has the ability to generate
multiple correct answers without the need for complex post-processing. On the two-way
question-answering task, to our knowledge, we establish the first baseline, and introduce two

novel metrics for evaluating the question generation performance of distributional models.

1.3.3 Evaluating the effectiveness of relay methods

Correctly answering a visually-grounded question requires a clear understanding of the
visual stimulus, for example, the locations of objects, their categories, attributes, functional
affordances, and spatial relationships with other objects. It may also require higher-order
capabilities like being able to make logical inferences, count, compare, and draw on common-
sense knowledge from an external source. Progress toward autonomous systems with these
abilities has, however, been hampered by strong biases in many widely used and community-
accepted VQA and vD datasets [24, 77, 79]. Specifically, datasets have highly skewed language
distributions, with a specific few words, questions and answers occurring frequently, and
these only being loosely grounded in the visual component [3, 5, 18, , , ]. The
consequences of this are vQA/vD models which i) answer not by reasoning, but by exploiting
linguistic correlations, and ii) ignore the visual stimulus [24, 151, 383]. Solutions have been
proposed to mitigate these issues, primarily by rebalancing the datasets [1, 5, , |. Still,
the limited role of the visual component across a number of VQA and vD studies is concerning

for the development of tools to help VI users understand their environment.

A second factor delaying progress in visual question-answering is the challenge inherent in
evaluating language [159]. Image classification and segmentation tasks are evaluated with
simple binary decisions of correctness. In contrast, the scope and subjectivity in how a sentence
can be expressed blurs the notion of correctness, and its assessment. Because of the time and
cost of turning to human evaluators, especially at scale, it has thus been the focus of many to

develop robust automatic evaluation metrics for language tasks |19, , , , ].
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Following this direction, Chapter 5 investigates the extent to which VisDial [77], a ubiquitously
used VD dataset, including in Chapter 4, is subject to the above concerns. We establish an
embarrassingly simple baseline employing canonical correlation analysis (CCA) between just
questions and answers, and show that it is able to achieve near SOTA performance on one of
the dataset’s established evaluation measures. We delve into the reasons for this surprising
finding, and reveal the limitations of the dataset’s current evaluation. In this paradigm,
models trained for the vD task are evaluated by ranking a given set of candidate answers,
of which the ground-truth is one, for a given question and image. This set-up ignores the
answer actually generated by the model, and additionally dismisses the fact that multiple
answers in the candidate set are, by construction, equally feasible, making rank-based measures
uninformative (up to a limit). These factors together lead to perverse scenarios, as we show,

in which the performance of a model on the VD task is not truly reflected by its score.

In light of these findings, this thesis’s final contribution is to develop a revised evaluation
paradigm for the VisDial dataset to mitigate the issues exposed by our analysis. Our proposed
paradigm forgoes the assumption that only a single answer is considered correct, and instead
draws on existing metrics in the NLP literature [180, , | to measure the consensus
between an answer generated by the model, and a reference set of equally-feasible answers. To
construct these reference sets at scale, we apply a semi-supervised method based on correlation
to a small subset of human-annotated examples, which we then scale across the entire dataset.
We verify that the reference sets obtained via weak supervision are sufficiently high quality, by
measuring i) their overlap with those annotated by humans, and ii) their ability to improve
performance on the downstream task of vD. In the face of the limitations imposed by the
dataset itself, and the experimental design choices made in its curation, we hope for this
revised paradigm to be adopted by the community when exploring the VisDial dataset in
the future. The expanded version of the dataset, including reference set annotations, will be

made publicly available as a baseline for future evaluation and model development.
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1.3.4 Summary

The main contributions of this thesis are in developing methods for i) learning visual scene
representations with low-cost, easy-to-acquire labels; ii) relaying information contained in
these representations in forms that are interpretable and accessible to VI people; and iii) more
robustly evaluating relay methods, specifically via natural language interactions. Each is
motivated by the development of data-driven, autonomous assistive technologies that will

enable VI people to more easily navigate and interact with the world.

Of course, for these technologies to be used, they must be deployed on real-world devices. It is,
therefore, essential to consider the practical implications of this alongside model development.
Beyond model performance, important factors will include model size, speed, and robustness to
real-world inputs which may differ from those in existing datasets. Models should additionally
be able to learn flexibly, leveraging existing knowledge to understand new concepts which the

user encounters in varied and dynamic environments.
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1.4 Structure of thesis

Chapters 2 to 5 each contain a paper which has been peer-reviewed and accepted for publication
in a conference or journal. The papers have been left unmodified from their published forms,

with the exception of formatting changes. The structure of the thesis is as follows:

Chapter 1 Introduction
Chapter 2: Bottom-Up Top-Down Cues for Weakly-Supervised Semantic Segmentation
Q. Hou", D. Massiceti’, P.K. Dokania, Y. Wei, M-M. Cheng, and P.H.S. Torr
In International Workshop on Energy Minimization Methods in Computer Vision and
Pattern Recognition (EMMCVPR), 2017
Chapter 3: Stereosonic Vision: Exploring Visual-to-Auditory Sensory Substitution Map-
pings in an Immersive Virtual Reality Navigation Paradigm
D. Massiceti, S.L. Hicks, and J.J. van Rheede
Public Library of Science (PLOS ONE), 13(7):e0199589, 2018
Chapter 4: FlipDial: A Generative Model for Two-Way Visual Dialogue
D. Massiceti, N. Siddharth, P.K. Dokania, and P.H.S. Torr
In Conference on Computer Vision and Pattern Recognition (CVPR), 2018 |oral]
Chapter 5: On the Evaluation of Visual Dialogue (under review)
D. Massiceti, V. Kulharia, P.K. Dokania, N. Siddharth, and P.H.S. Torr

Chapter 6 Discussion

Publications not included in this thesis

e Visual Dialogue without Vision or Dialogue!®

D. Massiceti”, P.K. Dokania®, N. Siddharth™ and P.H.S. Torr
In Advances in Neural Information Processing Systems (NeurIPS) Workshop on Cor-
recting and Critiquing Trends in Machine Learning, 2018

e Random Forests versus Neural Networks—What’s Best for Camera Localization?1!

D. Massiceti, A. Krull, E. Brachmann, C. Rother, and P.H.S. Torr

In International Conference on Robotics and Automation (ICRA), 2017

0Chapter 5 extends and therefore supersedes this publication
1 Camera localisation is only loosely related to the topic of this thesis, and hence not included
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Chapter 2

Bottom-Up Top-Down Cues for Weakly-Supervised

Semantic Segmentation

Qibin Hou!™  Daniela Massiceti?®  Puneet K. Dokania?  Yunchao Wei?
Ming-Ming Cheng!  Philip H. S. Torr?
INankai University, China  2University of Oxford, Uk  3National University of Singapore

(“contributed equally)

Abstract

We consider the task of learning a classifier for semantic segmentation using weak supervision
in the form of image labels which specify the objects present in the image. Our method
uses deep convolutional neural networks (CNNs) and adopts an Expectation Maximisation
(EM)-based approach. We focus on the following three aspects of the EM algorithm: (i) the
initialisation; (ii) the latent posterior estimation (E-step) and (iii) the parameter update (M-
step). We show that saliency and attention maps, bottom-up and top-down cues respectively,
of simple images provide highly reliable cues for learning an initialisation of the EM algorithm.
Given the weak labels and this initialisation, we learn to segment these simple images, before
progressing onto more complex ones. In the E-step, we estimate the latent posterior class-wise
distribution per pixel, and in the subsequent M-step, we minimise the combination of the
standard softmaz loss and the Kullback-Leibler (KL) divergence between this distribution and
the likelihood given by the ¢NN. This combination is more robust to wrong predictions made
in the E-step, which is likely given the use of only image-level labels. Extensive experiments
and discussions show that our method is simple and outperforms the state-of-the-art method
with a margin of 3.7% and 3.9% on the PASCAL VOC 2012 [39] validation and test sets,
respectively, thus setting new state-of-the-art results.

Published in the Proceedings of the 2017 International Conference on Energy Minimization
Methods in Computer Vision and Pattern Recognition (E]\[M(,'l"']’f{)l

"https://bit.1y/2ECeUab
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Bottom-up Top-down Cues for Weakly-Supervised Semantic Segmentation

2.1 Introduction

Semantic segmentation performance has rapidly advanced with the use of convolutional
neural networks (CNNs) [56, 60, , |. The performance of CNNs, however, is largely
dependent on the availability of a large corpus of annotated training data, which is both
cost- and time-intensive to acquire. The pixel-level annotation of an image takes on average
4 minutes [10]. This is likely a conservative estimate given that it is based on the COCO
dataset [193] in which ground-truths are obtained by annotating polygon corners rather
than pixels directly. In response, recent work has focussed on weakly-supervised semantic
segmentation [10, , , , , , |. These works differ from the fully-supervised
case in that rather than having pixel-level ground-truth segmentations, a lower degree of
supervision is provided. For example, image-level labels [170, , , |, bounding

boxes [2541], and points and scribbles |10, , 369].

(a) Input (b) Saliency (c) Attention (d) Combined

Figure 2.1 Combining bottom-up (saliency) and top-down (attention) cues for simple images. Both cues complement
each other by putting high probability mass on regions missed by the other.

In our work, we address the semantic segmentation task using only image-level labels. These
labels specify the object categories present in the image. Our motivation for this is two-fold:
i) the annotation of an image with the 20 PASCAL VOC object classes is estimated to take
20 seconds, which is at least 12 times faster than a pixel-level annotation and is also scalable;
ii) images can easily be downloaded from the Internet with their image labels or tags, thus
providing a rich and virtually infinite source of training data. The method we adopt, similar
to [254], employs the Expectation Maximisation (EM) algorithm [32, 223]. We focus on the
three key steps of an EM-based approach: i) initialisation; ii) latent posterior estimation

(E-step); and iii) parameter update (M-step). The following addresses each of these points.
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We provide an informed initialisation to the EM algorithm as follows. We first train a network
to segment simple images with one object category (from a subset of ImageNet [33]) using
an approrimate per-pixel class distribution obtained using the combination of class-agnostic
saliency maps [139] and class-specific attention maps [377]. Note that obtaining saliency and
attention maps does not require pixel-level semantic segmentation. We use this trained model
to initialise our EM algorithm in order to learn to segment complex images. Intuitively, we first
learn to segment simple images and then move towards the complex ones, similar to the work
of [350]. In more detail, given a simple image, the saliency map finds the object (Figure 2.1b)—
this is a class-agnostic “bottom-up” cue. To complement this, once provided with the class
present in the image, the attention map (Figure 2.1c) gives the “top-down” class-specific
regions in the image. Since both saliency and attention maps are tasked to find the same
object, their combination is more powerful than if either one is used in isolation (Figure 2.1d).
The combined probability map is then used as the per-pixel class distribution for training
an initialisation model for the semantic segmentation task, and provides the initialisation
parameters for the follow-up E- and M-steps of the EM algorithm. Note that this process is in
contrast to [254] where the initialisation model is trained for the image classification task on
the same ImageNet dataset. To our surprise, experimentally we found that this initialisation
model, which is trained on just ImageNet images under a weakly-supervised setting (with
no images from PASCAL VOC 2012) outperforms all of the current state-of-the-art (SOTA)
algorithms for the weakly-supervised semantic segmentation task on the PASCAL VOC 2012
dataset. Note that the existing algorithms are significantly more complex and most of them
rely on higher degrees of supervision such as bounding boxes, points/squiggles and superpixels.
This indicates the importance of learning from simple images before delving into more complex
ones. With the trained initialisation model, we then incorporate PASCAL VOC 2012 images

(with multiple objects) for the E- and M-steps of our EM-based algorithm.

In the E-step, we obtain the latent posterior probability distribution by constraining (or
regularising) the CNN likelihood using a prior based on the weak image labels. This reduces
false positives by redistributing the probability masses (which are initially over the 20 object
categories) over only the categories present in the image and the background. In the M-step,
the parameter update, we then minimise a combination of the standard softmaz loss (where

the ground-truth is assumed to be a Dirac delta distribution) and the KL divergence [130]
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between the latent posterior distribution (obtained using the E-step) and the likelihood
given by the CNN. This makes the approach more robust to difficult classes and incorrect
labels, which are likely under the weakly-supervised setting. In addition to this, to obtain
better CNN parameters, we add a probabilistic approximation of the Intersection-over-Union
(IoU) [6, 68, | to the above loss function. This optimises the model specifically for the
metric on which, at test time, it is evaluated. With this approach we obtain SOTA results in

the weakly-supervised semantic segmentation task on the PASCAL VOC 2012 dataset [39)].

2.2 Related work

Work in weakly-supervised semantic segmentation has explored varying levels of supervi-
sion including combinations of image labels [176, , , |, annotated points [10],
squiggles [192, | and bounding boxes [251]. Papandreou et al. [254] employ an EM-based
approach with supervision from image labels and bounding boxes. Their method iterates
between inferring a latent segmentation (E-step) and optimising the parameters of a segment-
ation network (M-step) by treating the inferred latents as the ground-truth segmentation.
Similarly, [350] train an initial network using saliency maps, following which a more powerful
network is trained using the output of the initial network. The MIL frameworks of [269]
and [260] use fully convolutional networks to learn pixel-level semantic segmentations from
only image labels. The image labels, however, provide no information about the position of
the objects in an image. To address this, localisation cues can be incorporated [269, ].
These can be obtained from bottom-up proposal generation methods (for example, multi-scale
combinatorial grouping (MCG) [27]), or saliency [350] and attention [377] mechanisms. The
work of [319] uses saliency maps and iteratively erases areas of the image, from most to
least salient, thereby forcing the network to learn increasingly discriminative features for
segmentation from image labels. Localisation cues can also be obtained directly through

point /squiggle annotations [0, , 369].

Our method is most similar to the EM-based approach of [254]. We use saliency and attention
maps to learn a network for a simplified semantic segmentation task which provides a better
initialisation for the EM algorithm. This is in contrast to [254] where a network trained for a

classification task is used as initialisation. Also different from [254] where the latent posterior
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is approximated by a Dirac delta function (which we argue is too harsh of a constraint in a
weakly-supervised setting), we instead propose to use the combination of the true posterior

distribution and the Dirac delta function to learn the parameters.

2.3 Semantic segmentation

Consider an image I consisting of a set of pixels {y1, - ,yn} where each pixel represents
a random variable taking on a value from a discrete semantic label set £ = {lo,l1,- - ,lc},
where ¢ is the number of classes (ly for the background). Under this setting, a semantic
segmentation is defined as the assignment of all pixels to their corresponding semantic labels,

denoted as y.

CNNs are extensively used to model the class-conditional likelihood for this task. Specifically,
assuming each random variable to be independent, a CNN models the likelihood function
as P(y|[;0) = [1,,—1 po(ym|I;0) where po(ym =1|I;60) is the softmaz probability (or the
marginal) of assigning label I to the m' pixel. The softmaz probability is obtained by
applying the softmaz? function to the CNN outputs f(y,|1;0) such that pg(ym, = I|1;0)
exp(f(ym = U|I;0)). Given a training dataset S = {I;,y;},, where I; and y; represent the
it" image and its corresponding ground-truth semantic segmentation, the log-likelihood is
maximised by minimising the cross-entropy loss function using the back-propagation algorithm
to obtain the optimal 6. At test time, for a given image, the learned 6 is used to obtain the

softmaz probabilities for each pixel. These probabilities are either post-processed or used

directly to assign semantic labels to each pixel.

2.4 Weakly-supervised semantic segmentation

To find the optimal € for the semantic segmentation task, we need a dataset with ground-truth
pixel-level semantic labels. Obtaining this, however, is highly time-consuming and expensive:

for a given image, annotating its pixel-wise segmentation (for 20 object classes) takes nearly

240 seconds, or 4 minutes [10]. This is highly non-scalable to higher numbers of images and
classes. Motivated by this, we use an EM [32, | approach for weakly-supervised semantic
2The softmaz function is defined as o(fx) = Cefk 7
j=0°¢
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segmentation using only image-level labels. Image-level labels tag the object classes present
in an image and are over 10 times faster to obtain that pixel-level annotations. Let us denote
a semantic label set as Z = £\ lo, and a weak dataset as D = {I;,z;}~ , where I; is the i*}
image and z; C Z is the image labels corresponding to the objects present in the i*" image.

The task is to learn an optimal 6 using D.
2.4.1 Expectation Maximisation algorithm

Similar to [254], we treat the unknown semantic segmentation y as the latent variable. Our

probabilistic graphical model is of the following form (Figure 2.2):

P(,y,z0) = P)P(y|l,z 0)P(z), (2.4.1)

Briefly, to learn 6 while maximising the above joint probability distribution, the three major
steps of an EM algorithm are: i) initialise the parameters 6;; ii) E-step: compute the expected
complete-data log-likelihood F'(0;6,); and iii) M-step: update 6 by maximising F'(0;6;). In
what follows, we first address how to obtain a good initialisation 6; in order to avoid poor
local maxima and then describe the method for optimising parameters (E- and M-steps) for a

given 6;.

N

Figure 2.2 The graphical model. I is the image. z is the set of objects present in the image. y is the latent variable
(semantic segmentation). 0 is the set of parameters.

2.4.2 Initialisation using bottom-up top-down cues

It is well known that if the log-likelihood has several maxima or saddle points, an EM-based
approach is highly susceptible to finding local maxima. In such cases, a good initialisation
is crucial [363]. We argue that instead of initialising the algorithm with parameters learned
for the classification task using the ImageNet dataset, as is done by most SOTA methods

irrespective of their nature, it is much more effective to initialise with parameters learned
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for solving an easier version of the task at hand—semantic segmentation in our case. In the
following we show how to use ImageNet images with image-level labels to learn parameters
for the weakly-supervised semantic segmentation task. These learned parameters will be used

to initialise the EM algorithm.

Let us denote D(I) as the subset of images from the ImageNet dataset containing objects of the
categories we are interested in (details in Section 2.5). Dataset D(I) contains simple images,
which have mainly centred and clutter-free single objects. This is unlike the challenging
PASCAL VOC 2012 dataset [29]. To train a model for the semantic segmentation task using
D(I), and hence obtain 6;, we need pixel-level semantic labels which are not available in the
weakly-supervised setting. To circumvent this, for each simple image in D(I) we generate a
class-agnostic saliency map |64, | (bottom-up cue) and a class-specific attention map [377]
(top-down cue) to construct the probability distribution over labels for each pixel. Intuitively,
a saliency map gives the probability of each pixel belonging to any foreground class, and an
attention map gives the probability of it belonging to a particular object class. Combining
these two maps allow us to estimate a reasonably accurate probability distribution over object

classes for each pixel in the image (see Figure 2.1).

We formalise this in Algorithm 1: for a given simple image I € D(I) and its corresponding
image label z € Z, we combine the attention and saliency values per pixel to obtain M.
M(m) € [0,1] denotes the probability of the m!" pixel being the 2" object category. Similarly,
1 — M (m) denotes the probability of it being the background. The combination function h(-, -)
in Algorithm 1 is a user-defined function which combines the saliency and the attention maps.

In this work we employ the max function which takes the union of the two maps (Figure 2.1).

To construct the per-pixel class distribution, let us define the distribution for the m'™ pixel
in image I as 0.. Thus, 6., € [0,1]/4l is the class distribution, where &/ (2) = M(m)
is the probability of the pixel belonging to object category z, 61 (0) = 1 — M(m) is the
probability of the pixel being the background, and all other entries are zero. Given 6! for
each pixel, we find 6; by optimising a CNN with the per-pixel cross-entropy loss between 67,

and p(ym|1, 0)— e 6L, (k) log p(k|I; 0)—where p(ym|I,0) is the ONN likelihood.
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Algorithm 1 Approximate ground-truth distribution

Input: Image I with one object category; Image-level label z
1: M = zeros(n), n is the number of pixels.

2: s < SaliencyMap(I) |139]

3: a « AttentionMap(I, z) [377]

4: for each pixel m € I do

5. M(m) = h(s(m),a(m))

6: end for

Using the probability value M (m) directly rather than a Dirac delta distribution makes our
method more robust to noisy attention/saliency maps. This can also be viewed as a way to
mine class-specific noise-free pixels, and is motivated by [10] where humans annotate points
and squiggles in complex images. Their work showed that the optimisation can be sufficiently
guided using only a few supervised pixels, which are easily obtained. We improve on this by
completely removing the need for human annotators: the per-pixel label distribution can be

obtained using only image-level labels, making our approach highly scalable.
2.4.3 E- & M-steps: optimising parameters

E-step (approximate complete-data log-likelihood)

We now describe how to define and optimise the expected complete-data log-likelihood, F'(6; 6;).
By definition, F'(6;6;) = Zy P(y|I,z;0,)log P(1,y,z;0), where the expectation is taken over
the posterior over the latent variables at a given set of parameters 6;. The expectation is
denoted as P(y|I,z;60;). In the case of semantic segmentation, the latent space is exponentially
large |£]", and computing F'(0;6;) is therefore infeasible. However, as will be shown, the
independence assumption over the random variables, namely P(y|I;0) =[] _, p(yml|I;0),
allows us to maximise F'(6;0;) efficiently by decomposition. By using Eq. 2.4.1, the independ-
ence assumption, the identity Zy P(y|I,z;0;) = 1, and ignoring the terms independent of 0,

F(0;6,) can be written in a simplified form as:

F(6;60) = > > P(y|T,2;6:)log p(ymlI; 6) (24.2)

m=1 Yy

30



Bottom-up Top-down Cues for Weakly-Supervised Semantic Segmentation

Without loss of generality, we can write P(y|I,z;0;) = P(y \ Ym|I, 2, ym; 0:)p(ym|I, 2z; 6;), and

using the identity > .\, P(y \ Ym|l, 2z, ym; 0:) = 1, we obtain:

F(0;6:) = > plymll, 2 00) log p(ym|I;0) (2.4.3)

m=1lymel

M-step (parameter update)

The M-step parameter update, which maximises F'(0; ;) with respect to 6, can be written as:

Or11 = arg max >N polymlI, 2 6:) log pymlI; 0) (2.4.4)
m=1ym€L

We make the assumption that the posterior py(ym|I,z; 0¢) belongs to the exponential family
distribution such that pg(ym|I,z;0:) < exp(f(ym|I;0:) + g(ym,z)). Here, f(ym|l;0;) is the
likelihood obtained for pixel m using the CNN at a given 60y, and ¢(ym,z) is a user-defined

function which we use to regularise the CNN likelihood.

More specifically, we use g(ym,z) to explicitly impose constraints based on the image label
information, namely the network should suppress the probability of objects not present in
the image. For example, if we know that there are only two classes in a given training image,
for example “cat” and “person”, then we would like to push the latent posterior probability
P(y|l,z;0;) of absent classes to zero and increase the probability of the present classes. In

order to impose the above mentioned constraints, we use g(-,) as:

—0Q, nym¢ZUl0

9(Ym,2z) = { (2.4.5)
0, otherwise

Imposing the above constraint is equivalent to retaining the softmax probabilities for only

those classes (including background ly) present in the image, and assigning a probability of

zero to all other classes. In other words, the above definition of g(-,-) inherently defines a

uniform distribution over the object classes present in the image including the background

and zero for the remaining ones. Other forms of g(-,-) can also be used to impose different

task-specific label-dependent constraints.
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Optimising Eq. 2.4.4 is equivalent to minimising the cross-entropy or the KL divergence
between the latent posterior distribution p(ym|l,2;0;) and the CNN likelihood p(ym,|I;0).
Papandreou et al. [254] use a Dirac delta approximation p of the posterior distribution, where
ﬁ(fm) is 1 at l,, = arg max;c p(ym = l|1,2;6;), and is otherwise zero. We instead propose
to use the combination of the Dirac delta approximation and the actual latent posterior

distribution (or the regularised likelihood) in Eq. 2.4.4 as follows:

Tn(1,2,050) = > p(yml1, 2 0;) log p(ym|I; 6) (2.4.6)
Yym€EL

where, p(ym|l,2;60:) = (1 — €)p(ym|l,2z;6:) + €p(ym). We argue that using a Dirac delta
distribution alone imposes a hard constraint that is suitable only when we are very confident
about the true label assignment (for example, in the fully-supervised setting). In the weakly-
supervised setting where the latent posterior, which decides the label, can be noisy (mostly
seen in the case of difficult classes), it is more suitable to use the full posterior distribution.
Eq. 2.4.6 therefore provides the best of both worlds. In defining the weighting factor €, we

explore two heuristics. The first, which we term the mazx heuristic, defines € as:

17 Z pmax Z
6_{ / 7 (2.4.7)

Pmaz, Otherwise

where ppar = maxjer p(ym =11, 2;0) is the maximum probability value in the latent posterior
distribution, and n € [0, 1] is a hyper-parameter. Intuitively, this implies that if the posterior is
confident about a particular class label (relative to n) then the traditional Dirac delta posterior
is used. Otherwise, a weighted combination of the true posterior- and Dirac delta-based
cross-entropy is used, where the weight is decided by pine. The second heuristic, which we
term the relative heuristic, defines € as:

e:{ Loafrzn (2.4.8)

r, otherwise

where 7 = (p1 — p2)/p1. Values p; and po are the highest and second highest probabilities in
the latent posterior distribution. Intuitively, n = 0.05 implies that the most probable score
should be at least 5% better than the second most probable score in order to use the Dirac

delta posterior alone, otherwise, the weighted combination should be used.
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10U gain function Along with minimising the cross-entropy loss as shown above, in order
to obtain a better parameter estimate, we also maximise the probabilistic approximation of the

intersection-over-union (I0U) between the posterior distribution and the likelihood [0, 68, 245]:

Z > et P ()P (1) (2.4.9)

Jrou(P(yl|l,z;0:), P(y|l;0)) s Zm 1{pm( ) +pg1(l) —pin(l)pﬁ’n(l)}

el
where, pt, (1) = p(ym = U|I,2;0;) and pf (1) = p(ym = I|I;6). We refer the reader to [68] for

further details about Eq. 2.4.9.

Overall objective function and learning algorithm

Combining the cross-entropy loss function Eq. 2.4.6 and the 10U gain function Eq. 2.4.9, the

M-step parameter update is:

0y11 = arg max Z Im(1,2,6.;0) + Trou (2.4.10)
(%

m=1
We use a CNN model along with the back-propagation algorithm to optimise the above objective
function. Recall that our evaluation is based on the PASCAL VOC 2012 dataset, therefore,

during the M-step of the algorithm we use both the ImageNet D(I) and the PASCAL trainval

D(P) datasets (see Section 2.5 for details). Our overall approach is summarised in Algorithm 2.

Algorithm 2 Final algorithm
Input: Datasets D(P) and D(I); bo; n; K
1: Use D(I) to obtain initialisation parameters 6; (see Section 2.4.2)
2: for k=1:K do
3: 0« Ht
4:  for each pixel m in D(P)UD(I) do
5 Obtain latent posterior: py,(ym|l,2;6) o< exp(fm (Ym|I;0) + 9(Ym,2))
6: end for
7
8

Optimise Eq. 2.4.10 using CNN to update 6,
: end for
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2.5 Experimental set-up & analysis

We show the efficacy of our method on the challenging PASCAL VOC 2012 benchmark and
outperform all existing SOTA methods by a large margin. Specifically, we improve on the

current SOTA method [319] by 3.7% and 3.9% on the validation and test sets, respectively.
2.5.1 Experimental set-up

Dataset D(!) for obtaining initialisation To train our initialisation model (Section 2.4.2),
we download 80,000 images from the ImageNet dataset [33]. These images contain objects
in the 20 foreground object categories of the PASCAL VOC 2012 segmentation task. We
then filter this dataset using simple heuristics. First, we discard images with width or height
less than 200 or greater than 500 pixels. Using the attention model of [377], we generate
a per-class attention map for each image and record the most probable class label with its
corresponding probability. We discard images for which the most probable class label does not
match the given image label and has a probability of less than 0.2. We also generate saliency

maps using the saliency model of [139] which is trained with class-agnostic saliency masks.

We then combine attention and saliency in the following way: we first generate an attention
binary mask from each attention map by setting a mask pixel to 1 if its corresponding
attention probability is greater than 0.5. We do the same to the saliency maps to obtain
saliency binary masks. We then find the pixel-wise intersection between the saliency and the
attention masks. For each object category, the images are sorted by this intersection area
(i.e. the number of overlapping pixels between the two masks) with the intuition that larger
intersections correspond to higher quality saliency and attention maps. The top 1500 images
are then selected for each category. The only exceptions are the “person” category in which
the top 2500 images are kept, and categories with fewer than 1500 images, in which case all
images are kept. This filtering process leaves us with 24,000 simple images of uncluttered
and mainly-centred single objects. We denote this dataset as D(I) and highlight that it does
not contain any additional images relative to those used by other weakly supervised-works

(see Dataset column in Table 2.1).
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Datasets D(P) and D(I) for M-step. For the M-step, we use a filtered subset of PASCAL
VOC 2012 images, denoted D(P), and a subset of D(I). To obtain D(P), we take complex
PASCAL VOC 2012 images (10,582 in total, made up of 1,464 training images [39] and the
extra images provided by [125]), and use the trained initialisation model to generate a (hard)
ground-truth segmentation for each. The hard segmentations are obtained by assigning each
pixel with the class label for which the initialisation model predicts the highest probability.
The ratio of the foreground area to the whole image area (where area is the sum of the number
of pixels) is computed. If the ratio is below 0.05, the image is discarded. This leaves 10,000
images. We also further filter D(I): using the trained initialisation model, we generate (hard)
segmentations for all simple ImageNet images in D(I). We compute the intersection area
(as above) between the attention binary mask and the predicted segmentation (rather than
the saliency mask as before). We then select the top 10,000 of 24,000 images based on this

metric. Together D(P) and this subset of D(I) make up 20,000 images which are used for

the M-step.
CNN architecture & parameter settings Similar to [170, , | our initialisation
model and our EM model are based on the DeepLab architecture [60]. We use simple bilinear

interpolation to map the down-sampled feature maps to the original image size as suggested
in [196]. We use the publicly available Caffe toolbox [154]| for our implementation. We use
weight decay (0.0005), momentum (0.9), and iteration size (10) for gradient accumulation.
The learning rate is 0.001 at the beginning and is divided by 10 every 10 epochs. We use
a batch size of 1 and randomly crop the input image to 321 x 321. Images with width or
height less than 321 are padded with the mean pixel values and the corresponding places in
the ground-truth are padded with ignore labels to nullify the effect of padding. We flip the
images horizontally, resulting in an augmented set twice the size of the original one. We train
our networks for 30K iterations by optimising Eq. 2.4.10 as per Algorithm 2 with n = 0.05
and K = 2. Performance gains beyond two EM iterations were not significant compared to

the computational cost.
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Table 2.1 Comparison table. All dependencies, datasets, and degrees of supervision used by the current sota

methods for weakly-supervised semantic segmentation. D(I): ImageNet dataset; D(P): PASCAL VOC 2012 dataset

(see Section 2.5); and D(F'): 41K images from Flickr [350]. Note that the cross validation of CRF hyper-parameters and

the training of mca are performed using a fully-supervised pixel-level semantic segmentation dataset. Methods with
equivalent supervision are underlined for fair comparison to our own method.

Method Dataset Dependencies  Supervision CRF [178] mIoU (Val) mIoU (Test)
EM Adapt [254] D(I),D(P) No Image labels X ~ ~
v 38.2% 39.6%
X 33.3% 35.6%
No
CCNN [261] D(I),p(P)  Tmage labels v 35.3% -
. X 40.5% 43.3%
Class size
4 42.4% 45.1%
alienc 9 _
SEC [170] D(I),D(P) Saliency [300] & Image labels X 4.3%
Localization [3841] 4 50.7% 51.7%
Superpixels [92] 36.6% 35.8%
MIL [269] D(I) BBox BING [1] Image labels X 37.8% 37.0%
MCG [27] 42.0% 40.6%
Image labels 32.2% -
) Image labels +
WTP [40] D(I),D(P) Objectness [9] 1 Point/Class 42.7% -
Image labels +
1 Squiggle/Class 49.1% B
sTC [350] D(I),D(P),D(F) Saliency [155] Image labels 4 49.8% 51.2%
SS [331] X 46.98% 47.8%
AugFeed [277] D(I),D(P) Image labels v 52.62% 52.7%
MCG [27] X 50.41% 50.6%
v 54.34% 55.5%
AE-PSL [349] D(P) Saliency [155] Image labels v 55.0% 55.7%
Initial Model D(I) X 53.53% 54.34%
Ours Saliency [139] &  Image labels v 55.19% 56.24%
1 [ 0 4 oy
Final D(1), D(P) Attention [377] X 56.91% 57.74%
v 58.71% 59.58%

2.5.2 Experimental analysis

Table 2.1 provides an extensive comparison between our method and other SOTA methods, in
terms of performance, dependencies, and degrees of supervision. Regarding the dependencies
of our method, our saliency network [139] is trained using salient region masks. These masks
are class-agnostic, and, therefore, once trained the network can be used for any salient semantic
object category, without the need to retrain the network for new object categories. Our second

dependency, the attention network [377] is trained using solely image labels.
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Comparison to SOTA We outperform all existing SOTA methods. The most directly

comparable method in terms of supervision and dependencies is AE-PSL [319] which uses
image-level labels and a saliency network trained on bounding boxes [155] (whereas our
saliency network uses class-agnostic saliency masks [139]). Our method obtains almost 4%

better mean 10U than AE-PSL on both the validation and test sets. Even if we ignore equivalent

supervision and dependencies, our method still outperforms all existing methods.

Importance of good initialisation The initialisation model is essential to the success of
our method. We train this model in a very simple way by learning the semantic segmentation
task using a filtered subset of simple ImageNet images. Importantly, this process uses only
image labels and is fully automatic, requiring no human intervention. The learned 6; provides
a very good initialisation for the EM algorithm, enabling it to avoid poor local maxima. This is
shown visually in Figure 2.3: the initialisation model (3™ column) is already a good prediction,
and the 1°¢ and 2"d EM iterations (4" and 5*" columns) improve the semantic segmentation
even further. We highlight that with this simple approach, surprisingly, our initialisation
model beats all current SOTA methods, which are more complex and often use higher degrees
of supervision. By implementing this intuitive modification, we believe that many methods

could easily boost their performance.

Post-processing with a CRF Even though Table 2.1 includes the performance of our
method with a conditional random field (CRF) [178]| applied as a post-processing step, we
believe that CRFs do not satisfy the requirements of a truly weakly-supervised setting.
Firstly, CRF hyper-parameters are normally cross-validated over a fully-supervised pixel-wise
segmentation dataset. This is likewise the case for MCG [27] which is trained on a pixel-level
semantic segmentation dataset. Secondly, the CRF hyper-parameters are incredibly sensitive:
incorporate new object categories requires a pixel-level annotated dataset of the new categories
along with the old ones for the cross-validation of the CRF hyper-parameters. This is highly
non-scalable. For completeness, however, we show that our method’s performance with a CRF,
which is boosted by 1.8%. We note that even without a CRF, our approach exceeds the SOTA

method [319], which uses a CRF, by almost 2% on the validation and test sets.
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Figure 2.3 Qualitative results for weakly-supervised semantic segmentation using our proposed EM-based method.
From the initialisation model (3'9 column) to the second iteration of the Em algorithm (5t column) the segmentation
quality improves incrementally. The bottom two rows show failure cases.

2.6 Conclusion

In this work we address weakly-supervised semantic segmentation using only image-level
labels. We propose an EM-based approach and focus on the three key components of the
algorithm: 1) initialisation, ii) E-step and iii) M-step. Using only the image labels of a
filtered subset of simple ImageNet images, we learn a set of initialisation parameters for
the semantic segmentation task. Following this, with each EM iteration, we empirically and
qualitatively verify that our method improves the segmentation accuracy on the challenging
PASCAL VOC 2012 benchmark. Furthermore, we show that our method outperforms all
SOTA methods. Future directions include making our method more robust to noisy labels,
for example, when images downloaded from the Internet have incorrect labels, as well as

improving the performance on images with multiple object classes.
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CAST (YESS20150117), Huawei Innovation Research Program (HIRP), and IBM Global SUR award.
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2.7 Supplementary

2.7.1 Extended experimental analysis

To further explore our method and better understand its successes and failures, here we

include additional empirical results on the PASCAL VOC 2012 validation dataset.

Class-wise results Tables 2.3 to 2.5 show the class-wise mean 10U for different values of n
in the max and relative heuristic settings defined in Section 2.4.2. Our method supersedes the
results of all other current methods with equivalent supervision [176, , , | on the
majority of object classes. We observe, however, that we consistently under-perform on the
“bike”, “plant” and “sofa” classes. We attribute this to failures in the attention and saliency
networks, which are not able to detect and attend to these classes well. This may be because
these classes often occur simultaneously with more salient-worthy object classes like people,
and are hence ignored by saliency and attention mechanisms. These failures result in our
mining method not extracting many nor high quality training pixels for these classes, which

goes on to adversely affect our initialisation model’s performance on these classes.

Thresholds As detailed in Section 2.4.2, threshold 7 is a user-defined hyper-parameter
controlling the weighted combination of a traditional Dirac delta (“hard”) cross-entropy loss
and a true posterior (“soft”) cross-entropy loss in the overall objective function Eq. 2.4.6.
For the maz heuristic, n = 0.1 for example, enforces that the maximum probability (pmaz)
must be at least 0.1 (i.e. 10% confident in the label) in order to use the “hard” cross-entropy.
Otherwise, for a probability of less than 10%, a weighted combination of both cross-entropy
terms should instead be employed. For the relative heuristic, a variable r is instead defined
as the relative difference between the highest and second-highest probability for a pixel. A
threshold of n = 0.05 enforces that this relative difference should be at least 5% in order
to employ the “hard” cross-entropy, otherwise the weighted combination should be used. A

threshold of 1 = 0 results in only the “hard” cross-entropy term being used.
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Table 2.3 shows the class-wise results for different values of 7, within suitable ranges, for each
heuristic. The results shown in Table 2.1 in the main paper use the threshold values highlighted
in blue. Table 2.4 and Table 2.5 show the class-wise mean 10U from the initialisation model to
the final EM iteration (K = 2) with the best-performing thresholds for the maxz and relative
heuristic, respectively. Interestingly, while final performance (at K = 2) is similar between
the “hard” cross-entropy (7 = 0) and the weighted loss (1 # 0), the weighted loss achieves this

after only 1 EM iteration, suggesting it facilitates faster convergence of the EM algorithm.

2.7.2 Dependency comparison

Table 2.2 summarises the dependencies of the methods in Table 2.1, including datasets and
levels of supervision. The methods which use image labels and other equivalent forms of
supervision are comparable to our weakly-supervised method. Of the dependencies listed, we
bring particular focus to the CRF. A CRF is commonly used in fully- and weakly-supervised
semantic segmentation pipelines. In this work, however, we do not employ a CRF for several
reasons. The first is that CRF hyper-parameters are typically fine-tuned on pixel-level
annotations. This deviates from a weakly-supervised setting, and so we do not compare against
methods which employ a CRF. Secondly, our EM algorithm predicts a latent segmentation
(in the E-step) which we fix as the ground-truth for the subsequent M-step. Employing
a CRF at this stage may enforce smoothness in the segmentation which may lead to noisy
predictions. Finally, the hyper-parameters of the CRF are highly sensitive, and if, for example,
the framework is extended to incorporate new object categories, a fully-supervised dataset
of the new categories would be required to cross-validate the CRF hyper-parameters. This is

does not scale well nor align with the overall motivation for doing weakly-supervised learning.

The two dependencies used by our method are the saliency network of [194] and the attention
network of [377]. Training the saliency network requires supervision in the form of saliency
masks which are class-agnostic foreground masks of the salient object/s in an image. We
consider this a suitably weak form of supervision since once trained, the network can generalise
to any semantic object category. Training the attention network requires supervision in the

form of image labels, which mirrors our weakly-supervised semantic segmentation setting.
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Table 2.2 Dependency table. Table summarising the dependencies of existing weakly-supervised methods for the
semantic segmentation task. D(P) and D%7(P) represent the PASCAL VOC 2012 and 2007 datasets [39], respectively,

D(I) represents the ImageNet dataset [83], and D(C) represents the Microsoft COCO dataset [193].
Dependency Dataset Supervision
Class size D(P) Image labels + Bboxes
D(I), D(P) [306] Image labels
Saliency MSRA-B [197] [155] Bboxes
MSRA10K [64] and DUT-OMRON [371]  [194] Saliency masks
Attention [377] D(I), D°(P), D(CO) Image labels
Objectness [9] DY7(P) Image labels + Bboxes
Localisation [384] D(I), D(P) Image labels
Superpixels [92] NA None
BBox BING [63] DY7(P) Bboxes
MCG [27] D(P), BSDS [214] Pixel labels
Selective Search [331] DY (P) Bboxes

Pixel labels
(parameter cross-val)

CRF [17¢] -

2.7.3 Success and failure cases

Figure 2.4 and Figure 2.5 show qualitative examples of failure and success cases of our weakly-
supervised semantic segmentation method. In terms of failure cases, our method struggles to
segment thin or fine structures, for example, the wheels of bicycles and the legs of chairs and
tables. Conventionally, the application of a CRF either in training or as a post-processing step
helps to better delineate such structures, however, for the above-mentioned reasons, we do
not employ a CRF in our pipeline. Another common failure arises in the case of overlapping
objects. Again, this can largely be attributed to a failure of the saliency and attention network,
where the background object is likely overlooked or considered non-salient. In terms of success
cases, Figure 2.5 shows the segmentation predictions from the initialisation model to the final
iteration of the EM algorithm. At each step we observe an improvement in the segmentations
suggesting that the iterative nature of the EM algorithm and our learning objective are well

suited to the segmentation task.
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Figure 2.4 Failure cases. Visual results for the weakly-supervised semantic segmentation using our proposed EM-
based method, from the initialisation model (3'¢ column) to the final iteration of the Em algorithm (5** column).
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Figure 2.5 Success cases. Visual results for the weakly-supervised semantic segmentation using our proposed EM-
based method. As we move from the initialisation model (3"9 column) to the second iteration of the Em algorithm (5"
column), the segmentation quality improves.
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Table 2.3 Experimental results (in %) on PASCAL VOC 2012 validation set using different values of threshold 7 for the maz and relative heuristic defined in Section 2.4.2. Threshold
shows n values for EM Iteration 1 and EM Iteration 2, respectively, with blue values showing best-performing thresholds. Results are shown for the final iteration of the Em algorithm.

Heur‘ Threshold ‘bkg plane bike bird boat bottle bus car cat chair cow table dog horse motor person plant sheep sofa train tv |mloU

(0, 0) 87.9 73.0 29.6 66.7 58.8 57.9 77.4 69.0 70.6 16.7 64.7 23.2 64.4 59.3 624 584 37.5 683 31.2 71.0 44.5|56.78
Maz| (0.1,0) |87.9 729 29.2 66.9 58.7 574 77.2 69.1 70.8 17.3 64.1 24.4 63.4 604 624 587 37.7 68.5 31.6 71.5 44.0|56.86
(0.1,0.1) |87.8 73.4 29.5 67.3 60.0 56.4 77.5 68.4 70.0 16.9 64.1 23.2 64.8 60.7 61.8 57.4 39.5 69.5 29.1 70.6 44.5|56.78

(0.05, 0) |87.9 72.7 28.5 67.1 59.4 55.5 77.8 69.3 70.6 18.4 62.4 23.9 65.3 589 61.3 58.0 39.7 69.8 29.9 71.7 44.7|56.80
(0.05, 0.05)|87.8 72.4 28.7 67.9 58.8 55.8 78.0 69.7 70.2 17.8 63.3 23.2 65.7 60.5 63.1 58.7 40.0 68.2 28.9 70.9 45.5|56.91

Rel ‘

Table 2.4 Experimental results on PASCAL VOC 2012 validation and test set using the maz heuristic, with a threshold n of (0.1, 0) for EM Iteration 1 and EM Iteration 2, respectively.

Data‘ Stage ‘bkg plane bike bird boat bottle bus car cat chair cow table dog horse motor person plant sheep sofa train tv |mloU

Initial |87.1 74.7 29.0 69.8 55.8 55.6 73.3 65.2 63.4 15.8 61.5 15.9 60.0 56.4 57.5 53.7 329 65.6 23.9 64.6 42.2|53.53
val |EM-Iterl|87.6 74.3 30.5 69.4 58.3 58.7 76.5 66.9 69.6 16.3 64.9 19.4 63.8 61.0 61.3 56.4 36.8 684 283 69.6 44.1|56.27
EM-Iter2|87.9 72.9 29.2 66.9 58.7 57.4 77.269.1 70.8 17.3 64.1 24.4 63.4 604 624 587 37.7 685 31.6 71.5 44.0|56.86

Initial |87.9 69.2 29.2 74.9 41.7 53.4 70.6 69.6 59.9 18.3 66.1 24.9 62.5 63.3 68.8 554 33.7 63.8 18.6 64.3 44.9|54.35
test |EM-Iter1|88.2 70.3 30.0 75.3 45.2 583 72.0 72.0 66.8 19.0 67.4 29.8 67.6 65.1 72.2 57.9 432 69.2 239 654 44.5|57.31
EM-Iter2|88.2 70.8 29.5 72.3 45.3 57.3 72.8 72.1 69.0 19.8 64.4 34.6 674 63.5 724 59.1 458 69.3 28.1 64.3 45.2|57.67

Table 2.5 Experimental results on PASCAL VOC 2012 validation and test using relative heuristic, with a threshold 7 of (0.05, 0.05) for EM Iteration 1 and EM Iteration 2, respectively.

Data‘ Stage ‘bkg plane bike bird boat bottle bus car cat chair cow table dog horse motor person plant sheep sofa train tv ‘mIoU

Initial |87.1 74.7 29.0 69.8 55.8 55.6 73.3 65.2 63.4 15.8 61.5 15.9 60.0 56.4 57.5 53.7 329 65.6 23.9 64.6 42.2|53.53
val |EM-Iter1|87.6 74.3 29.7 69.9 58.3 57.1 76.3 68.0 68.7 17.7 629 19.8 64.1 59.6 61.2 57.2 373 67.3 27.6 69.8 43.5|56.09
EM-Iter2|87.8 72.4 28.7 67.9 58.8 55.8 78.0 69.7 70.2 17.8 63.3 23.2 65.7 60.5 63.1 587 40.0 68.2 289 70.9 45.5|56.91

Initial |87.9 69.2 29.2 74.9 41.7 53.4 70.6 69.6 59.9 18.3 66.1 24.9 62.5 63.3 68.8 554 33.7 63.8 18.6 64.3 44.9|54.35
test |EM-Iter1|88.1 70.4 30.2 75.4 46.4 56.3 73.3 71.7 67.3 19.6 66.4 29.9 67.3 63.4 724 582 429 70.8 22.6 64.7 46.1|57.31
EM-Iter2|88.2 69.5 29.7 72.2 45.1 57.3 73.2 72.7 69.3 20.5 65.4 33.5 67.8 64.0 723 58.9 455 69.8 26.8 63.8 46.8|57.74
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Abstract

Sighted people predominantly use vision to navigate spaces, and sight loss has negative
consequences for independent navigation and mobility. The recent proliferation of devices that
can extract 3D spatial information from visual scenes opens up the possibility of using such
mobility-relevant information to assist visually impaired people by presenting this information
through modalities other than vision. In this work, we present two new methods for encoding
visual scenes using spatial audio: simulated echolocation and distance-dependent hum volume
modulation. We implement both methods in a virtual reality (VR) environment and test
them using a 3D motion-tracking device. This allows participants to physically walk through
virtual mobility scenarios, thus simulating real locomotion behaviour. Blindfolded sighted
participants completed two tasks: maze navigation and obstacle avoidance. Results were
measured against a visual baseline in which participants performed the same two tasks without
blindfolds. Task completion time, speed and number of collisions were used as indicators of
successful navigation, with additional metrics defined to investigate other dynamics of their
navigation. In both tasks, participants were able to navigate using only audio information
after minimal instruction. While participants were 65% slower using audio compared to the
visual baseline, they reduced their audio navigation time by an average 21% over just 6 trials.
Hum volume modulation allowed over 20% faster navigation, and quicker improvement over
the trials, compared to simulated echolocation in both mobility scenarios. Despite this, we
speculate that simulated echolocation remains worth exploring as it provides more spatial
detail and could therefore be more useful in more complex environments. The fact that
participants were intuitively able to successfully navigate space with two new visual-to-audio
mappings for conveying spatial information motivates further exploration of these and other
mappings with the goal of assisting visually impaired individuals with independent mobility.

Published in the Public Library of Science (PLOS ONE)!
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Stereosonic Vision: Exploring Visual-to-Auditory Sensory Substitution in Immersive Virtual Reality

3.1 Introduction

Globally more than 250 million people are visually impaired (vI), with over 36 million of
this group classified as blind [311, |. While certain causes of visual impairment can be
prevented or treated, a large proportion of sight loss remains without a cure [94]. New
treatment approaches such as retinal prosthetics, optogenetics, and gene therapy offer hope for
the future, but at present are at a research or early implementation stage and await evidence

of real-life benefit to patients [93].

Vision loss affects the ability to independently carry out activities of daily living [130, ,

, |, in part due to its negative impact on mobility and navigation [13, 52, , , ,

, |. While blind or visually impaired individuals are often able to learn to successfully
navigate without vision through orientation and mobility training [357], they face significant
challenges not faced by the sighted population [104, , , |. Non-sighted navigation
requires more planning and cognitive resources |10, , , |, and blind and visually
impaired individuals are at an increased risk of mobility-related accidents, injuries, and
falls [150, , , , |. Even when walking around a familiar environment, the variable
presence of obstacles, changes in walking surface or drop-offs can be significant mobility
hazards |308], and even very experienced non-sighted navigators still regularly veer off their

intended course [122]. It also remains the case that human living spaces are usually designed

with sighted navigation in mind [107].

While academic debate exists around the representation of spatial information in blind
individuals, in particular people who are congenitally blind, it is clear that the cognitive
ability for representing spatial information is not the main limiting factor in navigation and
mobility [104, |. Rather, the limitation lies in the rate at which non-sighted navigators are
able to acquire spatial information about their current environment, whether that is in order
to build an initial cognitive map of the space, or to update their current position in a cognitive
map from memory and scan for the presence of any obstacles to safe mobility [101]. While vision
is uniquely well-placed to deliver mobility-relevant spatial information rapidly [262], it is not
the only source of such information. Already, many blind individuals will spontaneously learn

to use non-visual cues to their advantage in sensing obstacles in their environment [318, |.
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Sensory Substitution Devices (SsDs) go one step further by converting information normally
acquired through one sense into a representation that is compatible with another intact
sense. They aim to exploit the increasingly well-understood cross-modal capacities of the
brain |15, |. Approaches to substituting vision have generally focussed on the other spatially
informative senses, namely hearing and touch [202]|. The first SsDs were pioneered by Bach-y-
Rita in the 1960s with his development of the Tactile Vision Sensory Substitution (TVSS)
device [31]: subjects received vibrating patterns via an array of pins mounted on their backs
and were able to differentiate between oriented parallel lines, simple geometric shapes and
capital block letters. Extending this initial work, a host of studies have investigated “seeing”
with vibro-tactile and electro-tactile stimulation applied to a number of body surfaces [33,

, , |. Other ssps have attempted to present an auditory representation of the visual
scene. The vOICe, perhaps the most widely investigated vision-to-audio SSD, scans the visual
environment from left to right, and converts the 2D grayscale image into a frequency spectrum
or “soundscape” [224]. These efforts and others |1, 5] have largely focused on converting 2D

camera images into corresponding sounds for the purpose of understanding the visual scene.

Mobility, however, is a 3D task, and requires knowledge about the distance of objects and
their radial position to the user. An effective SSD for navigation must therefore provide
this information as explicitly as possible. This moves toward viewing an SSD as a mobility
tool which can provide the user with an improved spatial awareness of their surroundings.
This task-specific approach has the additional advantage of reducing the bandwidth of the
information needed to be encoded cross-modally—an important consideration [105, ].
Several ssDs have been developed specifically with this in mind (for detailed surveys of such
devices, see [105, , 289]). Work in this field has initially been led by Leslie Kay with the
Kay Sonic Torch [164] followed by several others [102, , , , |. While the first
approaches only provided users with a “virtually extended” cane that reported the distances
of objects further afield in their path, the more ambitious devices use a frequency-modulated

ultrasound sweep of the environment to provide a fuller “soundscape”.

Despite the active research in this area and some encouraging results in academic settings, the
uptake of ssDs for mobility by the VI community has been low [105, ) |. Giudice and

Legge [105] identify four factors where sSDs can fail: 1) the sensory translation rules—how
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effectively does the sensory translation convey the relevant information in another modality?,
2) selection of the information to be transcoded between senses—is the information that is
being translated actually the most adequate for carrying out the task at hand?, 3) is the device
practical to use?, and finally, 4) does the device have an acceptable form factor? We believe
that the availability of new, affordable, and portable devices that can sense and reconstruct
the 3D environment and extract semantic information from it (discussed below) allows for
novel approaches to sensory translation rules and the selection of task-relevant information
that could be implemented on devices that are both practical and unobtrusive. In this work,

we focus on sensory translation rules and information selection.

For a dynamic and time-constrained task such as navigation, there is a great need for sensory
translation rules to be intuitive. In this work, we have therefore focused on visuospatial-to-
audio sensory substitution as this has the advantage that we already use auditory information
to inform our representations of near space. We are able to rapidly and accurately localise
sound sources based on level differences, temporal delays, and their spectral envelope [2417],
and use this on a daily basis to direct our attention, head and gaze towards sound sources.
Inferring spatial information from such cues should thus come naturally. In contrast, an array
of stimulators on a patch of skin may have a natural correspondence with, for instance, the
type of 2D image produced by a camera, but there is no such natural correspondence between

a 2D patch of the skin and near space (beyond the immediate body surface).

This leaves the question of how best to convey such visuospatial information to the wearer via
audio—a process we will refer to as sonification. Here, research thus far has taken inspiration
from blind individuals such as Daniel Kish [174] who have learned to use echolocation for
navigation and mobility (for recent reviews on the psychophysics of human echolocation see
[175, |). Echolocation refers to the general process of using sound reflections to infer
the spatial properties of the environment. Typically, human echolocators will use a sharp,
self-generated sound such as a mouth click to sample their surroundings, and use properties of
the sound reflections such as their volume, delay, spectral properties, and stereo components
(left versus right ear) to infer the spatial structure of the environment [175, 322|. It is a skill
that takes a long time to develop and is best learned at a young age [321]. The signal, however,

contains the right sort of spatial information needed for navigation. Previous SSDs have tried
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to make echolocation less disruptive to the auditory environment by emitting ultrasonic audio
pulses, and making it easier to learn by playing the user a slowed-down recording of the echoes

in the audible frequency range [144, , , , |.

These ssDs work by presenting a spatially informative audio signal to the user, but they
have no access to a 3D model of the user’s surroundings. This limitation can be addressed,
however, by the recent proliferation of portable devices that rapidly scan and reconstruct 3D
environments [189, , , |. Explicit access to information about the spatial structure
and semantic context of the environment opens up the possibility of conveying this information
via a non-visual sense in a manner that is independent of how such information was acquired.
It follows, therefore, to consider whether there are sonification strategies that would be easier
to learn or more informative than those directly derived from sampling an environment with
human-generated echolocation. Additionally, having access to a 3D reconstruction of the
environment means it is now possible for devices to represent objects that are currently
outside the field of view (FOV) of the device, enabling the creation of persistent audio beacons

representing targets or obstacles around the wearer.

In this work, we have explored two novel, simple and sparse spatial audio representations of
3D environments: 1) simulated echolocation with discrete sound particles, and 2) distance-
dependent hum volume modulation of beacon sounds attached to objects. Our simulated
echolocation acknowledges the previous work that has been carried out in this area, but
aims to present a less complex sampling of the environment by having the user virtually
emit a fixed number of particles in a 90 x 90 degree FOV determined by their head direction.
The emitted particles “pop” (i.e. are sonified) as they make contact with virtual obstacles
in the user’s nearby vicinity, and in this way are analogous to the echoes of sound that
would bounce of real-world objects in traditional echolocation. The particles’ time-of-flight
delays (captured as the temporal delay between an initiating click sound and a particle’s pop
as it hits an obstructing object) and the volume and stereo components of the pop sound
itself, convey 3D spatial information about the environment to the user. The object-centric
distance-dependent hum volume modulation, on the other hand, departs from the principles
of echolocation, and instead transforms features of the environment itself—in our case, virtual

obstacles and walls—into sources of sound. Each type of object is assigned a humming sound
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of characteristic frequency, and the volume of the hum is modulated by the user’s distance to

the object, with a higher volume indicating a shorter distance.

To test these mappings for the task of spatial navigation, we used a novel auditory virtual reality
(VR) paradigm. The potential of VR for rapid prototyping and testing of audio-based navigation
has been recognised previously [106, , , |. It allows researchers to generate any
number of arbitrary and randomised environments for participants to navigate, and enables
rapid and precise extraction of the dynamics of navigation and mobility behaviour [345].
Moreover, using virtual obstacles avoids exposing participants to real mobility hazards. Some
have focused on understanding the neural mechanisms of navigation and developed paradigms
that translate well to neuroimaging settings [296], capitalising on the ability of the subject to
remain still while navigating in virtual space. This, however, does not take into account the
important contributions of proprioceptive feedback of physically walking [55, |. For the
development of a navigational aid that ultimately aims to have a real-world implementation,
it is important to incorporate such proprioceptive cues, particularly because it is expected

that the importance of these inputs is magnified in the absence of vision.

Until recently, accurate locational tracking in VR required a substantial amount of dedicated
infrastructure (e.g. as in the SWAN system used by Walker and colleagues [311, , ,

|). Here, however, we present a portable implementation of an immersive VR with the
ability to accurately track the movements of users wearing a cord-free VR headset. More
specifically, we employ a tablet computer called the Google Tango which accurately tracks
its 3D position and rotation. This tablet was worn as a head-mounted device by blindfolded
sighted participants. We created two types of VR environment, viewed live through the VR
tablet headset. Participants could thus navigate through them by physically walking, ensuring
realistic proprioceptive mobility feedback. In each of the two environments, the blindfolded
participants were tasked with navigating to an end point (unknown a priori), but crucially
were presented only the audio cues of the sonification being tested via stereo headphones. For
each of the two environments, navigation using the vision-to-auditory mappings was compared
against a visual baseline condition: participants, without blindfolds, performed the navigation
tasks under similar settings, with the end points randomised and thereby still unknown a

priori. Central to our quantitative assessment of participants’ navigational efficiency was the
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3D tracking capability of the Google Tango tablet. The device captured the real-time 3D
dynamics of participants’ walking behaviour in the VR environments, thus enabling us to
develop mobility-relevant metrics and provide an in-depth analysis of participants’ movements

in both auditory conditions and the visual baseline condition.
In summary, our three main research aims with this work were:

1. Develop new visual-to-audio mappings that simultaneously provide information about
obstacle distance and radial position relative to the wearer;

2. Develop a locomotion-controlled, flexible navigation paradigm to test whether these new
mappings are in principle sufficient for navigating an environment using sound alone;

3. Investigate whether there are differences in participants’ navigation performance, strategies

and speed of learning between the two sonification approaches.

Ultimately, the aim of exploring these new sonification strategies is to establish their suitability
for stand-alone devices or depth-based electronic travel aids [135, | to assist independent

navigation and mobility in vI individuals.

3.2 Methodology

3.2.1 Participants

18 participants were recruited locally in Oxford, United Kingdom. Participants were healthy
volunteers with full sight and full stereo hearing. The choice to test a fully-sighted participant
group had a twofold motivation: firstly, the test group was able to perform the navigation
task with full sight in each virtual environment, thereby providing a visual control condition
for our experiments. Secondly, the group was seen as a necessary first step given that this is a
proof-of-principle study exploring novel sonification methods for 3D spatial representation

and navigation within a new experimental paradigm.

The mean age of participants was 28.78 + 8.00 with a male/female distribution of 11/7. All
participants had normal or corrected-to-normal vision. Due to the physical limitations imposed

by the testing equipment, it was necessary that participants with corrected vision were able to
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wear contact lenses for the testing rather than glasses. Participants were rated on their prior
experience with the developed ssSD, and their experience with first-person-controller computer
games and VR devices (Table 3.1).

Table 3.1 Participant demographics. ssD naivety rating: 1(>9 hours), 2(>6 hours), 3(>3 hours), 4(>0 hours), 5(=0
hours). VR/gaming frequency rating: 1(no experience), 2(rarely), 3(several times a year), 4(monthly), 5(regularly)

Sex Naivety Age Corrected vision Glasses/contacts VR experience
1| M 4 40 Y Y 5
2| M 5 28 N - 2
3| F 3 23 Y Y 2
4| M 5 24 N - 4
5| F 5 24 N - 1
6| F 5 27 Y Y 2
7| M 5 19 Y Y 3
8| M 5 32 Y Y 2
9| M 5 28 N - 5
10| F 5 30 Y 1
11| F 5 24 N - 2
12| F 5 26 N - 2
13| F 5 31 Y Y 2
14| M 5 25 Y Y 3
15| M 5 29 N - 2
16 | M 5 23 N - 3
17| M 5 30 N - 2
181 M 5 55 Y Y 1

On the day of testing, participants were verbally instructed on the types of environments that
they would be required to navigate (Section 3.2.2), the two sonification methods to be tested
(Section 3.2.3), the equipment to be used (Section 3.2.4) as well as the experimental protocol
(Section 3.2.5). Testing was conducted over two 1.5 hour sessions per participant. A brief
re-instruction was conducted at the start of the second session. Verbal feedback was collected
during and after each session. In addition to this, a voluntary and anonymous follow-up

survey was sent to participants after their completion of both sessions.

Ethics This work received ethical clearance through the University of Oxford Central
University Research Ethics Committee. All individuals involved in the study provided written

informed consent to publish these case details.

3.2.2 Virtual reality environments

Participants were tasked with spatially navigating to randomised end points in VR envir-
onments, using each of the developed visual-to-audio mappings (sonification conditions) or

using visual information (visual-only baseline condition). Two types of VR environments were
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constructed: a maze and an obstacle corridor. Our motivation for using VR environments to

test our methods was two-fold:

1. VR environments offer the ability to build randomised environments and obstacles on
the fly which is an advantage over real-world testing.
2. Using a VR environment bypasses the problem of understanding the 3D structure of the

environment, allowing us to focus on methods for conveying spatial information.

Maze. The maze environments were generated within a 5 x 7 grid of virtual cubes, each
cube was 3 X 3 X 3m in size making a real-world sized arena of 15 x 21 x 3m. Each maze
was constructed such that there existed only one constant-length (7 cubes) path to a goal
(Figures 3.1a and 3.1c¢). For each maze trial, the path was randomly selected from a pool of
20 pre-generated maze paths saved on the Tango tablet (see Section 3.2.4). Upon selection,

the participant was placed at the starting point of the selected virtual maze.

Obstacle corridor. The maze environment simplifies the task of navigation to making
a series of right-angled turns. To mimic a scenario closer to the real-world challenge of
detecting and avoiding randomly-placed obstacles, based on the work of [336], we constructed
an environment with obstacles. This VR environment was a 6m-wide corridor bounded by a
left and right wall with the length of the corridor segmented as follows: an initial 3m of empty
space, a Tm segment of obstacles, a second 3m of empty space, and finally the goal. For each
trial, the obstacle segment was populated by 5 randomly-positioned columnar objects of 0.8m
diameter and 1m height. Additionally, for each trial, the goal was placed at 13m from the

starting line at a random point along the corridor’s 6m width (Figures 3.1b and 3.1e).

The placement of obstacles was randomised such that there were always multiple possible
paths through the obstacles to the goal, and these paths were sufficiently diverse and also
non-trivial (for example, participants could not simply navigate around the edges of the
obstacle segment where they would encounter no obstacles). As with the mazes, for each trial,
the obstacle corridor arrangement was randomly selected from a pool of 20 pre-generated
arrangements saved on the Tango. Upon selection, the corridor was dynamically constructed

and the participant placed at the starting point in virtual space.
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Figure 3.1 VR visualisation and implementation of simulated echolocation and hum volume modulation sonifications.
(a) Example of a randomly-generated maze with a single path to goal of 7 cube steps. Orange glow indicates humming
boundary in the humming sonification. Golden star indicates goal. Red cross and black dot indicate starting position.
(b) Example of a corridor with randomly positioned obstacles. Orange glows and red dotted lines indicate humming
boundaries in the humming sonification. Golden star indicates goal. Red cross and black dot indicate starting position.
(¢) vr visualisation of the maze. (d) Implementation of simulated echolocation. A pool of 900 particles is projected
along a 30 x 30 grid array of rays from the (x, y, z) position of the Tango. (€) VR visualisation of the obstacle corridor.

3.2.3 Stereosonic vision

Our aim was to convert the 3D structure of the visual VR environment into stereo soundscapes
providing spatial information to our participants for the task of navigation. We call this
stereosonic vision. This section presents the two visual-to-audio mappings, or sonification
methods, we implemented and explored in the VR environments: the first, simulated echo-
location and the second, distance-dependent volume modulation of hums attached to objects.

Resulting sounds were presented on stereo headphones worn by the participant.
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Simulated echolocation

There is a large body of work supporting echolocation as a useful mobility technique for blind
people [173, , |. Using self-generated sounds such as mouth clicks, echolocators use sonic
reflections to infer the spatial properties of their surroundings. Learning to navigate using
echolocation in the real world, however, is difficult and takes much training [175, , 322].
In this work, we simulated echolocation in the two VR environments. This alleviated the
real-world difficulties of echolocation since we were able to slow down the speed of echolocation
feedback, and also select the types of echo sounds. Our motivation was to make simulated
echolocation easier to interpret and acoustically more pleasant than real world echolocation.
The following describes our VR implementation of simulated echolocation, which from here on

we will refer to as simply echolocation.

Much like echolocation in the real world, we implemented simulated echolocation in the
virtual world such that it was dependent on the user’s body and head direction. The Tango
emitted a virtual “chirp” in the form of a sharp click (audible via the user’s headphones)
at a rate of 0.57Hz, or every 1.75 seconds. With each click, a pool of 900 virtual particles
was projected radially outwards from the (x,y,z) position of the Tango (where x and y were
the lateral coordinates of the Tango in space, and the z coordinate was its height above
the ground). Each of the 900 particles was projected along a unique radial line, following a
30 x 30 grid arrangement (Figure 3.1d). The radial projection of the particles had a FOV of
90° vertically and horizontally (Figures 3.2c and 3.2d) with the rays spaced 3° apart in the
horizontal and vertical direction, respectively. As the Tango was moved through space, the
pool of particles was recast from the Tango’s updated (x, y, z) position. Since the Tango was
head-mounted on the participant (see Section 3.2.4 and Figure 3.2a), a head/body rotation
caused a corresponding Tango rotation. In this way, the virtual particle projection was always

outwards and forwards relative to the participant’s head direction.

Following a click, each particle within the pool was projected along its ray but only generated
a sound (played via the user’s headphones) if it intersected with a virtual object in the VR
environment. This was intended to be analogous to the echoes that would be reflected off
real-world objects in traditional echolocation. In terms of implementation in our sound engine,

this simply meant that a particle was “silent” when travelling along its ray trajectory and
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Figure 3.2 Hardware set-up with the Project Tango and Durovis Dive 7 head mount
(a) Participant wearing the Tango in the Durovis Dive 7 headset with stereo headphones. (b) Rear-facing camera
hardware of the Tango. (c,d) 90° field of view vertically and horizontally from the position of the Tango.

emitted its sound when a virtual object in the VR world obstructed that trajectory. This was
thresholded to virtual objects within a 3m radius of the Tango’s (x, y, z) position. Particles
were sonified as “pops”, intended to be harmonious and easy on the ear. The pairing of clicks
and pops aimed to convey three pieces of information about the 3D spatial features of the

environment: firstly, the presence of an object in a particular radial direction, secondly, an
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estimate of the distance to that object, and thirdly, some information about the object’s
3D form. This was done by employing the stereo capability of the headphones (i.e. a pop
sonified on the left or right corresponded to an obstructing object on the left or right of
the participant), the time delay between the initiating click and the corresponding pop as
with traditional echolocation (a long delay indicated that the object was further away from
the participant than a shorter delay), and the volume of the pop sound itself. Importantly,
participants were required to attend to not just a single particle’s pop, but the pops of all
particles (of 900) that have landed on virtual objects in front of the participant. The speed of
the click and particle projection was chosen such that there was no temporal overlap between
the pops corresponding to different clicks. In this way, a participant had to use the click
and the collection of popping sounds to construct and continually update a distance-based
map of their immediate (< 3m) surroundings in the VR environment. A video example of

echolocation is available online2.

Distance-dependent hum volume modulation

Differing from the “snapshot” nature of the point-and-project simulated echolocation, the
second sonification method we explored aimed to encode the spatial layout of objects using
continuous audio beacons. Here, hums of different pitches were attached to different objects,
and the volume of these hums was modulated based on a participant’s distance to the objects:
shorter distances to objects corresponded to their hums being louder. Furthermore, an object’s
hum was only triggered when the participant entered a defined “humming zone” around the
object, and as they moved closer to the object, the volume of the hum was linearly increased.
A linear volume roll-off curve was selected over a log-based roll-off since it allowed changes in
distance to an obstacle (given the bounds of its humming zone) to be more easily discerned.
In the maze, the humming zone extended 1.2m from the wall (Figure 3.1a). In the obstacle
corridor, the humming zone extended 3m radially from each obstacle, and 1.5m from the
walls (Figure 3.1b). Using the stereo headphones, the panoramic position of the hum enabled

participants to determine its direction and hence the spatial position of the obstacle.

The types of humming sounds were chosen based on the objects emitting them. The walls in

both the maze and the corridor were assigned a deep, resonant hum, while the obstacles in

*https://www.youtube.com/watch?v=WFHEJ8pOego
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the obstacle corridor were each assigned a hum of unique pitch (to all the other obstacles and
the walls). We opted for this approach because it was crucial for participants to be able to

differentiate obstacles, especially when the humming zones of obstacles overlapped.

Our rationale for choosing humming sounds over other types of sounds was two-fold: firstly,
we wanted to create a continuous or smooth soundscape capable of capturing the presence
and spatial location of multiple objects in an environment. The humming sounds were ideal
for this since they could be looped seamlessly (compared to single beeps or pulses). Their
continuous nature also allowed us to fuse audio representations across multiple objects in
the environments. Secondly, we wanted to create an acoustically pleasant soundscape with
the motivation that our sonification mapping should be ambient and non-intrusive to users—
essential in a real-world implementation of a sSD. For this reason, we selected hums since
they have little temporal structure and are almost absorbed into the audio background unless
specifically attended to. The hums themselves were additive blends of sinusoids, each of
characteristic frequency, rather than pure tones which are harsher on the ear. The blends of
frequencies were chosen to ensure perceptibly pleasant sounds. Figure 3.3 summarises the

core frequency components of the hums used.

For brevity, we refer to this method of distance-dependent hum volume modulation as simply

the humming sonification. A video example of humming is available online?.

Miscellaneous environmental sounds

In addition to the audio cues described above, the target location (represented by a golden
star) emitted a continuous pinging sound in order to help participants localise the goal. The
pinging had its volume modulated by a participant’s distance to it. The stereo headphones
enabled left /right differentiation of the star’s location. Additionally, at the end of each trial,

to indicate that the goal had been reached, a completion sound (a jingle of chimes) was played.

3https://www.youtube.com/watch?v=aR5r10daK7Y
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Figure 3.3 Spectral frequency displays of the additive sinusoidal hums used in the distance-dependent hum volume

modulation sonification method. Each column (horizontal axis) corresponds to a hum, with its frequency compon-

ents/notes shown on the vertical axis. The blue band indicates the hum’s core frequency, while the red and orange
bands indicate other prominent frequencies.

3.2.4 Hardware & software

Unity (Unity Technologies, San Francisco, CA, USA), a 3D game engine, was used to create
the VR environments, and features in its built-in sound engine were used to encode the
environments using the two sonification methods. The spatial audio features allowed for the
localisation of sound sources on the horizontal plane by regulating the gains of a sound on the
left and right side (relayed via the headphones) based on the distance and angle between it
and the participant in the VR environment. The sonified environments were then deployed on
a Google Tango tablet (Google, Mountain View, CA, USA). The tablet employs visual-inertial
odometry using a 180° FOV fish-eye camera and its inertial measurement unit (Figure 3.2b)

to map its 3D position and rotation in real-time.

The software packages used for development included the Tango Tablet Development Kit
(kernel version: 3.10.24-g36aldd3; April 14, 2015), Unity 5.0.1 Personal Edition with C#,
Android SDK tools (release 23.0.2 for Mac), and the Tango Unity SDK (Ramanujan, version

1.17, July 2015). The Tango software was Android KitKat (version 4.4.2, API level 19).
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Rather than using a keyboard or joystick-based spatial navigation paradigm, we aimed to
create a fully immersive VR experience in which participants’ movements in the real world
corresponded to their movements in the virtual world. To do this, the Tango was mounted
in a Durovis Dive 7 VR headset (Figure 3.2a). The headset allowed the device to be fixed
to participants’ heads such that their 3D positional (translational) movement and 3D head
rotation were tracked. The headset included a pair of lenses which projected the image on the
Tango screen at a comfortable viewing distance for participants. The headphones (Sennheiser
HD 206 Stereo Headphones) were wire-connected to the Tango. Importantly, the headphones
were over-ear with a noise attenuation feature, thus ensuring that external sounds from the

environment were suppressed.

3.2.5 Experimental protocol

Testing was carried out in a large indoor hall or a large outdoor space, thus comfortably fitting
the VR environments and reducing the risk of participants colliding with physical objects. The
physical size of the hall was 20 x 25 metres. The outdoor space was a flat manicured lawn,
the weather was mild, and no other people, besides the experimenter and the participant,
were present. The testing location was selected based on the availability of the hall, but also
allowed the robustness of our methods to be tested in two different environments. Of the 18

participants, 5 were tested outdoors, and no difference in navigational performance was noted.

Six experimental conditions were undertaken by each participant. Each condition included a
minimum of 6 repeated trials. Participants were instructed to reach the star goal as quickly
as possible while avoiding walls and/or obstacles. Collisions with either were conveyed to the
participant by the Tango vibrating gently. This vibration was intended to notify participants
of a collision and, without being too noxious, to motivate them to avoid collisions as much
as possible. Trials were discarded from analysis if 1) the Tango tracking was lost due to a
device or initialisation failure, or 2) the participant failed to reach the goal within 150 seconds.
Out of the total 641 valid trials across the 18 participants and 6 conditions (visual, humming
and echolocation in both environments), 39 of these trials were discarded. Of these 39 trials,
28 were discarded due to device/initialisation failure, while the remaining 11 were discarded
due to a participant taking over 150 seconds to reach the goal. The distribution of the 11

no-goal-reached trials was as follows: [5,1,1,2,2,0] from the first to sixth trial, respectively.
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Stage 1: Visual-only condition A purely visual condition was conducted to familiarise
participants with both of the VR environments and to determine a visual baseline for task
performance. The VR environments were visible on the Tango screen mounted in the Durovis
headset and participants were instructed to walk toward the star at a natural walking pace
while avoiding walls and/or obstacles. The star emitted a ping that served as an audio beacon,
and played the completion chime when reached. No other sounds were present. Six trials of
the visual-only condition in each environment (maze and obstacle corridor) were conducted

with the order of environments randomised across participants.

Stage 2: Spatial audio training Following the visual-only condition, the screen of the
Tango was blacked out for the remainder of the experimental conditions. Henceforth, only
audio information was available to participants via the headphones. In order to acquaint
participants with the concept of spatial sound, a training stage was conducted: participants
were instructed to walk toward a pinging goal positioned 13 metres directly ahead of them in an
obstacle-free environment. Training was continued until participants were able to comfortably
localise the goal using the stereo and distance-based volume changes of the pinging sound.
This did not prove to be too difficult, with all 18 participants doing one training run, 10 doing

a second, and 3 doing a third.

Stage 3: Sonification conditions Six trials of each of the two sonification conditions
were then conducted, with a familiarisation period for each done prior to the test trials. The

testing protocol was laid out as follows:

e FEcholocation: a familiarisation period followed by 6 trials in the maze, and another 6
trials in the obstacle corridor
o Humming: a familiarisation period followed by 6 trials in the maze, and another 6 trials

in the obstacle corridor

Since navigational improvement over trials using audio-only cues was of primary interest,
it was assumed that any bias introduced by seeing an environment (visual-only condition)
before navigating through it audially (sonification conditions) could be ignored. To mitigate
other biases, however, the order of the echolocation and humming sets was randomised across

participants, as well as the order of the environments tested within each set.
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The familiarisation period for each sonification condition was conducted in a simplified version
of the obstacle corridor set-up: a single obstacle was located centrally at 4m away from
the starting point. In the echolocation training period, this obstacle and the walls received
and projected the echolocation click and popping sounds as described in Section 3.2.3. In
the humming training period, the object and walls hummed depending on the participants’
distance to them as described previously. Familiarisation was considered complete when both
the participant and the experimenter agreed that the participant understood the task aims
and sonification rules. This proved to be a relatively short period: for echolocation training,
all 18 participants did one training run, 13 did a second and 3 did a third, while for humming
training, all 18 participants did one training run, 13 did a second, 2 did a third and 1 did
a fourth. A two-sample Kolmogorov-Smirnov test did not reject the null hypothesis (p = 1)
that the number of training runs for each sonification came from the same distribution. This

suggests no significant difference in training duration between the two sonifications.

3.2.6 Experimental metrics

The 3D location (x, y, z) and 3D head rotation (yaw, pitch, roll) of the participant was recorded
from the Tango at a rate of 2Hz. From these data, participants’ 6D path trajectories through
each of the environments in each of the conditions were reconstructed. Data were written to
a text file on the Tango at the completion of each trial and later processed with MATLAB
(MathWorks, Natick, MA, USA) using custom scripts. Analysis included looking at the “bird’s
eye view” path of participants, the length of this path, and participants’ instantaneous, mean
and peak velocities. Measures designed to probe navigational strategies were additionally
investigated through the derivation of i) instantaneous and mean head rotation angle, and

ii) deviation distances from obstacles and walls, both of which are described below.

Head rotation angle. Since sound in the VR environments was fully stereo, an indicator
of exploration was taken to be the amount of lateral head rotation that participants made
whilst navigating the VR environments. Given that the Tango was head-mounted, the Tango’s
rotation corresponded to participants’ head rotation. The Euler angle for rotation about the
vertical axis (yaw) was extracted at each time point and compared to the instantaneous path

angle (that is, the direction of walking calculated using the positional data). The difference
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in angle was then transformed such that a left head rotation fell in the range from 0° to
—90°, and a right head rotation fell in the range from 0° to +90°. The mean left and right
head rotation was calculated per trial, and their absolute values summed to give a total head

rotation value between 0° and +180°.

Deviation distances. Detection distance may be defined as the distance at which a parti-
cipant explicitly identifies an obstacle ahead of them [110]. One proxy for detection distance is
a subject’s “deviation distance”, the distance of a participant to an obstacle when they begin
to adjust their trajectory to avoid it. This value was calculated by extrapolating participants’
path trajectories, determining if their trajectories intersected with the area occupied by
obstacles at each time point, and if so calculating the distance at which participants deviated
from this “collision course” [336]. In the corridor environment, this calculation was applied to
the five columnar obstacles. In the maze, a midline deviation was used instead. The midline
path, considered the optimal path, is the path equidistant to all walls at any given time point.
At each time step, the perpendicular distance of a participant’s path trajectory to this midline
was calculated, and the means of the deviations left and right of the midline computed. In

the visual maze condition, participants often “clipped” the corners, and for this reason the

corners of the maze were not included in the midline deviation calculation.

3.2.7 Statistical analysis

ANOVA analyses were used to investigate the relationship between experimental conditions
across participants. To account for across-trial variability of each participant within a
given condition, the mean over their six trials for each measure was calculated, and these
values averaged across participants. Additionally, because the maze and obstacle corridor
are fundamentally different, the analysis was split accordingly (see Section 3.3.1 and 3.3.2).
Results are reported as mean + standard error, with statistical significance indicated as:
p < .05(*), p <.01(**) and p < .001 (***). The p-values in pairwise comparisons for multiple
comparisons were corrected using the Sidak correction. Greenhouse-Geisser estimates were

used to correct for violations in the assumption of sphericity.
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3.3 Results

3.3.1 Maze

Participants were able to navigate the maze environment in both visual and sonification
conditions. At the start of each trial, participants were placed equidistant from the walls
and forward-facing at the starting point. By nature of the maze and sonification set-up, this
meant that participants received no audio information if they did not move from this point
and gained no benefit from remaining there. We, therefore, formally began each trial when the
participant began walking (we took this to be when their walking speed increased above 20%
of their peak-to-peak velocity for that trial). Across participants, this start-delay was 2.42s
with echolocation and 2.28s with humming, a statistically insignificant difference between the
sonifications. Figures 3.4a to 3.4c show the path trajectories of participants for the visual,

echolocation and humming conditions, respectively.

Efficiency of maze navigation

We first investigated participants’ ability to navigate without making mobility errors (i.e.
collisions). Total collisions were tallied over the 6 trials per participant. A significant effect
is seen between conditions (F'(2,34) = 8.906,p = .001): as expected, the visual condition
(0.06 &+ 0.06 collisions) outperforms the sonification conditions (echolocation: 4.44 + 1.12

collisions; humming: 4.78 £ 1.22 collisions).

Beyond number of collisions, the time to goal, path length and mean velocity reveal more
about the ease with which participants navigated through the maze (Figures 3.4d to 3.4f).
In the visual condition, time to complete (16.24 £ 0.84s), path length (14.91 + 0.46 m)
and mean velocity (0.96 & 0.05 m/s) were all significantly different from the same metrics
in each sonification method: echolocation with 73.81 + 6.39s (p < .001), 22.78 + 0.90m
(p < .001) and 0.34 + 0.02 m/s (p < .001), and humming with 60.77 £+ 6.15s (p < .001),
23.47+0.97m (p < .001) and 0.44 + 0.03 m/s (p < .001), respectively. Pairwise comparisons
show no significant difference between sonification methods for path length (p = .833),
however, a significant difference is noted in the time to complete (p = .049) and mean velocity

(p = .001) achieved with echolocation versus humming. The higher humming mean velocities
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Figure 3.4 Maze navigational behaviours and results. Error bars indicate standard error. Statistical significance
indicated as follows: not significant (n.s.), p < .05(*), p < .01(**) and p < .001(***). Colours indicate condition:
visual (purple), echolocation (blue) and humming (green).

(a,b,c) Examples of participant trajectories through a maze, using visual-only cues (a), echolocation audio-only cues
(b), and humming audio-only cues (c). (d,e,f,h) Basic efficiency and strategy of navigation through the maze in the
visual, echolocation and humming conditions: time to reach goal in seconds (d), path length in metres (e), mean
velocity in metres per second (f), and summed left and right midline deviation in metres (h). (g) Summed left and
right head rotation in degrees. Head rotation from head straight (0°) direction, comparing visual, echolocation and
humming conditions in the maze. (i,j,k) Learning curves over 6 trials comparing visual, echolocation and humming
conditions in the maze: time to complete in seconds (i), summed left and right midline deviation in metres (j) and
summed left and right head rotation in degrees (k). Significance symbols mark significance of effect between first and
sixth trial. Linear regression line with R2-statistic shown for each condition.

suggest that participants moved faster through the humming maze. Despite this, the paths

taken in each sonification condition were still approximately 60% longer than in the visual
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condition, indicating that participants were not taking the most efficient path and were more
exploratory/cautious in their maze navigation. This is supported by the longer times to reach

the goal and the lower mean speeds compared to the visual condition (Figures 3.4d to 3.4f).

A further point to draw from Figures 3.4d to 3.4f is the robustness of the visual control: the
Tango was able to accurately register real-world distances. Given that the blocks of the virtual
maze were 3 X 3m in real-world size and that every path to goal was standardised to 7 block
steps in length (with the end of the trial triggered when the participant came within 1.75m of
the goal), the midline path length is 16.25m. The mean path length of participants was just
under 16.25m, explained by the fact that often participants clipped the corners in the visual
condition. Also bolstering the visual control is participants’ mean velocity of ~1m/s which
is close to the average human walking speed of 1.4m/s [234]. This suggests that participant

performance in the visual control approaches normal (non-virtual) visual performance.

Beyond these basic metrics, we also explored more nuanced navigational behaviours of
participants. Specifically, we hypothesised that participants adopted a “follow the wall”
strategy in the maze, where by maintaining a constant distance to either wall (detected by a
constancy in audio cues, whether echolocation or humming) participants would be able to
eventually reach the goal. To investigate this, we computed the mean left and right deviations
from the central maze midline per trial. Figure 3.4h shows the sum of the absolute left
and right midline deviations for the visual (0.37 £ 0.03m), echolocation (0.70 £ 0.06m) and
humming (0.78 4+ 0.06m) conditions. A significant main effect of condition on the midline
deviation is noted (F(2,34) = 20.519,p < .001) with pairwise comparisons between the visual
and echolocation condition (p = .001), and the visual and humming condition (p < .001)

suggesting that without sight, participants deviate further from the midline than with sight.

Head rotation

The usefulness of a head rotation was hypothesised to differ for the two sonification conditions.
With echolocation, a turn of the head changed the direction of the particle projection. This
offered participants new information about the environment within their new FOv. Humming,
on the other hand, benefited differently: a head rotation offered a change in stereo of the hum,

but only when a participant was within the humming zone of an object. A head rotation
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toward an object when outside its humming zone, for example, did not trigger its hum.

The mean left and right head rotation was calculated per trial (0° straight ahead, —90°
maximum left rotation, +90° maximum right rotation), and their absolute values summed to
find a total head rotation per trial between 0° and 180° (Figure 3.4g). We expected that in
the visual condition simple shifts in gaze rather than full head turns would be sufficient for
navigating the maze. In line with this hypothesis, the visual condition saw only 22.93+1.39° of
total head rotation and this was significantly different (p < .001) from that in the echolocation
(66.64 £ 3.14°) and humming (60.12 4 4.54°) conditions. For the reasons described above, we
also hypothesised that in the humming condition, a head rotation would be less useful than
in the echolocation condition, however, pairwise comparisons showed no significant difference

in total head rotation between the two sonification methods (p = .303).

Maze learning rates

The efficiency of participants’ maze navigation improved over trials and since with each
trial the maze path was randomised, the improved proficiency suggests that participants
were increasing their understanding of each sonification method. To show this, a one-way
repeated-measures ANOVA was performed on trial within each condition. Figures 3.4i to 3.4k
show the learning curves over 6 trials for time to complete, summed midline deviation, and
summed head rotation. Improvements were not expected in the visual condition and this was
indeed the case, with no significant effect of trial observed for any of the three metrics in
the visual condition. In the echolocation condition, no significant (p = .145) improvement
was seen in time to complete (trial 1: 84.69 = 8.65s to trial 6: 69.69 + 6.93s) nor for summed
midline deviation (p = .386) or summed head rotation (p = .051). However, in the humming
condition there was a significant (p = .008) improvement over the six trials in time to complete
(trial 1: 75.56 £ 7.61s to trial 6: 47.7 & 7.00s). Summed midline deviation and summed head
rotation did not significantly change in the humming condition over trials. Overall, even if
statistical significance was not always achieved, all metrics showed improving trends for the

sonification conditions.
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3.3.2 Obstacle corridor

Compared to the maze, the obstacle corridor offered an environment much closer to a possible
real-world scenario. The obstacles, by way of the randomness in their positioning, made for
a far less predictable path to the goal compared to the mazes, with multiple possible paths
available. As with the maze, each trial was formally started when participants’ walking speed
increased above 20% of their peak-to-peak velocity for that trial. Across participants, this start-
delay was 2.07s with echolocation and 2.18s with humming, again a statistically insignificant
difference. For illustration purposes, Figures 3.5a to 3.5¢ show the path trajectories of

participants in selected corridor arrangements.

Efficiency of obstacle corridor navigation

As with the maze, the number of collisions with both walls and obstacles in the corridor was
used as an indicator of navigational efficiency (Figure 3.5¢). Like the maze, condition had
a significant main effect on total collisions (F'(1.622,27.566) = 21.36,p < .001; sphericity
x%(2) = 6.342,p = .042 corrected with Huynh-Feldt estimates) with a significant difference
observed between the visual condition (0.17 £ 0.09 collisions) and each sonification method
(echolocation: 8.33 £ 1.64,p < .001; humming: 15.50 + 2.37,p < .001). No statistically
significant difference was noted between sonification methods (p = .067) however, by inspection
it can be seen that a mean total of 7 more total collisions over the six trials occurred in the
humming obstacle corridor compared with the echolocating obstacle corridor (Figure 3.5¢).

This suggests that humming was not as effective at signalling an imminent collision.

Time to complete, path length and mean velocity revealed further dynamics of the obstacle
corridor navigation (Figures 3.5f to 3.5h). Condition had a significant effect on all three
metrics due to the strong performance of participants in the visual condition. For time to
complete (Figure 3.5f), the visual condition, taking 13.31 4 0.82s, was significantly faster
than the echolocation (101.89 + 12.68s, p < .001) and humming (84.74 + 9.09s, p < .001)
conditions. A pairwise comparison between echolocation and humming showed no significant
difference (p = .537). Path length yielded no interesting differences other than a shorter path
length in the visual condition (12.12 £ 0.12m). Mean velocity was significantly affected by

condition (F(1.308,22.239) = 207.73,p < .001): there were significant pairwise differences
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between the visual condition (0.98 4+ 0.05m/s) and each sonification condition (echolocation:
0.25 £ 0.02m/s, p < .001; humming: 0.32 +0.03m/s, p < .001), respectively. Furthermore,
there was a significant difference between the mean velocities of the two sonification conditions

(p = .008), indicating that, like the maze, participants moved at higher speeds with humming.
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Figure 3.5 Obstacle corridor navigational behaviours and results. Error bars indicate standard error. Statistical
significance indicated as follows: not significant (n.s.), p < .05(*), p < .01(**) and p < .001(***). Colours indicate
condition: visual (purple), echolocation (blue) and humming (green).

(a,b,c) Examples of participant trajectories through particular obstacle corridor arrangements using visual-only cues
(a), echolocation audio-only cues (b), and humming audio-only cues (c). (d,j,k) Active interaction with obstacles in the
corridor in the visual, echolocation and humming conditions: number of obstacles encountered at least once per trial
(d), obstacle deviation distance (j), and percentage of obstacle patch time per trial spent < 0.4m from left or right wall
(k). Red dashed line shows 3m echolocation and humming threshold. (e,f,g,h) Basic efficiency of navigation through
the obstacle corridor in the visual, echolocation and humming conditions: total number of collisions over 6 trials per
participant (e), time to reach goal in seconds (f), path length in metres (g), mean velocity in metres per second (h). (i)
Summed left and right head rotation from head straight (0°) direction in the corridor in the visual, echolocation and
humming conditions.
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Figure 3.5 Obstacle corridor navigational behaviours and results (continued). Error bars indicate standard error.
Statistical significance indicated as follows: not significant (n.s.), p < .05(*), p < .01(**) and p < .001(***). Colours
indicate condition: visual (purple), echolocation (blue) and humming (green).

(1,m,n) Learning curves over 6 trials comparing visual, echolocation and humming conditions in the obstacle corridor:
time to complete in seconds (1), summed left and right head rotation in degrees (m), obstacle deviation distance in
metres (n). Red dashed line shows 3m echolocation and humming threshold. Significance symbols mark significance of
effect between first and sixth trial. Linear regression line with R2-statistic shown for each condition.

The deviation distance was computed for each columnar obstacle encountered in the obstacle
corridor (see Section 3.2.6). Condition had a significant main effect on the obstacle deviation
distance (F(2,34) = 172.712,p < .001) with participants deviating from obstacles at 4.06 +
0.13m in the visual condition, but only at 1.73 4+ 0.08m and 1.82 4 0.07m in the echolocation
and humming conditions, respectively (Figure 3.5j). Pairwise comparisons show the difference
between the visual and each sonification condition is significant (p < .001) but not between
echolocation and humming directly (p = .753). As expected, with sight, participants gave
obstacles a wide berth, whereas with only audio, participants moved closer to obstacles, which
also resulted in a higher number of collisions. It is worth mentioning that obstacles only began
to echolocate/hum at 3m which placed an upper limit on the achievable deviation distances

in the sonification conditions (shown by the dotted red line in Figure 3.5j).

The obstacle deviation metric does not account for the portion of time per trial spent actively
encountering the five obstacles. Given their random positioning, it was possible that a
participant spent more time encountering obstacles in one trial than in another. In addition
to this, the identifiable deep hum of the walls could lead participants to avoid the majority
of the obstacle segment by simply walking against either one of the walls. To quantify
this Figure 3.5d shows the number of obstacles (of the total 5) actively encountered per trial.
An obstacle was considered to be actively encountered if a participant walked within the

audio zone/threshold of that object. Repeat encounters were not factored in, although were
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likely common. In the visual condition, only 2.54 + 0.13 obstacles were encountered, whereas
4.88 £ 0.42 and 4.72 + 0.07 obstacles were encountered in the echolocation and humming
conditions, respectively. Additionally, since, in the corridor, all obstacles were positioned
within a 6 x 7m obstacle patch (see Figures 3.1b and 3.1e), we could compute the percentage
of the time per trial spent in the obstacle patch in which the participant was less than 0.4m
from the left or right wall (Figure 3.5k). All conditions show values of less than 3% (visual:
0.03 & 0.03%; echolocation: 0.92 + 0.24%; humming: 2.95 £+ 0.56%). These results together
suggest that in each sonification condition participants spent a large portion of the time per

trial in the obstacle segment actively encountering and avoiding obstacles.

Head rotation

As with the maze, it was also relevant to look at the use of head rotation in the obstacle corridor.
Condition had an effect on summed left and right head rotation (F'(2,34) = 128.32,p < .001)
with the visual condition using a significantly smaller amount of head rotation (18.82 + 1.63°)
compared to the echolocation (82.19 4+ 3.97°) and humming (77.70 & 4.33°) conditions. The
difference between the visual and each sonification condition was significant (p < .001) but

was not significant between sonification conditions (p = .754) (Figure 3.5i).

Obstacle corridor learning rates

Given the corridor’s similarity to navigating a cluttered indoor environment, it was particularly
interesting to analyse learning rates in this scenario. Just as with the maze, a one-way repeated-

measures ANOVA was performed on trial within each condition.

Figure 3.51 shows that while the completion time remained largely consistent from trial
1 to 6 in the visual (16.11 £ 1.24s to 12.44 + 0.75s) and echolocation (95.25 + 10.91s to
90.53 £ 13.91s) condition, it dropped some 30 seconds for the humming condition (94.14+9.76
to 66.00 £ 7.95s; p = .029). Faster navigation after 6 test trials of humming suggests learning
and improved efficiency. Trial had no significant main effect on summed left and right head
rotation within each condition, with only a slightly reduced use of humming head rotation
observed over the six trials. This suggests that within 6 trials, participants were not varying
their use of head rotation, for example as a strategy for navigation (Figure 3.5m). Obstacle

deviation distance (Figure 3.5n) also showed significant improvement with trial in the humming
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condition (F'(5,75) = 4.021, p = .003), but was not significant in the echolocation condition
(F(5,80) = 0.731,p = .602). Both, however, showed overall increasing trends in deviation
distance from trial 1 to 6 (R? = 0.652 and R?> = 0.482 for humming and echolocation,
respectively) indicating that with more practice, participants were able to more efficiently

“weave” within safer distances between the obstacles in the corridor.

3.3.3 Qualitative experience

A final component enhancing the quantitative results presented above is the qualitative
feedback received from participants following their two testing sessions. Since the distribution
of SSD naivety and gaming experience across participants was largely uniform, it was not
expected to be correlated with participant performance. Beyond this, it was informative
to look at participants’ overall experience with each sonification method, and its ease or
intuitiveness in each environment. Figure 3.6 show the ratings received from 14 out of 18
participants when asked about the intuitiveness of each method. The maze had a largely
even spread across ratings from “easy” to “challenging even with training”, with 36% and
43% of participants finding it easy for echolocation and humming, respectively. A common
comment was that the mazes were more basic since one simply needed to walk in straight
lines. One particular participant whose performance was notably poor in the mazes across
both sonification conditions commented that her spatial memory and internal orientation were
poor, and this made it difficult for her to spatially connect the corridors she was exploring. As
a result, after periods of hesitation, she often began to navigate down a corridor from which
she had just come. The obstacle corridor, on the other hand, had a more distinct qualitative
split. Echolocation was perceived as manageable with training by 79% of participants, while
humming was perceived as such by only 36% of participants, with 50% rating it as challenging
even with training. The perceived ease/intuitiveness of the sonification methods, therefore,
contradicts participants’ actual navigational performance in the corridor environment. These
results also suggest that of the two environments, the maze was easier to navigate, likely
because of its limited layouts. It should be noted that no participant rated either sonification

method as “impossible”.

71



Stereosonic Vision: Exploring Visual-to-Auditory Sensory Substitution in Immersive Virtual Reality

| S0 Basy ] Manageable with training [ Challenging even with training [llll Impossible [ Easy [ ] Manageable with training [l Challenging even with training [Ill Impossible
: : ! r T !
Maze 36% 50% Maze 43%
Corridor 7% 79% Corridor 14% 36%
. . . . J [ . . . J
0% 20% 40% 60% 80% 100% 0% 20% 40% 60% 80% 100%
(a) (b)

Figure 3.6 Qualitative participant feedback
(a) ‘How easy/intuitive did you find the echolocation sonification in each environment?”
(b) ‘How easy/intuitive did you find the humming sonification in each environment?’
Green: easy. Yellow: manageable with training. Orange: challenging even with training. Red: impossible.

3.4 Discussion

The principal outcome of this work is that participants without access to sight were able to
navigate a virtual space and detect and avoid obstacles using our two novel sensory substitution
sonification approaches. Furthermore, they learned to do so with a small amount of training
(less than 3 hours) and minimal instruction. Our results are promising in the view of using
these sonification strategies to help people with visual impairments to navigate real world
environments. Moreover, the self-locomotion-guided VR environment we developed to test the
utility of our stereosonic vision mappings provides a realistic yet safe, controlled, and flexible
paradigm for testing navigation and mobility skills, and allows for the automatic extraction of

many useful performance metrics.

3.4.1 Development of experimental set-up to test sonification mappings

In this work, we successfully built a visual-to-audio SSD using a head-mounted Tango tablet
and a pair of stereo headphones. We established an experimental testbed for the device by
using standardised metrics to analyse participants’ detailed navigational behaviour through
randomly generated VR environments. Participants’ navigational data was obtained by
extracting the 3D positional and 3D rotational tracks of a head-mounted Tango tablet. These

tracks corresponded to participants’ body position and head rotation at fine-grained time
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steps over the length of each trial. This testbed allowed us to successfully measure the utility

of two sonification methods for the task of spatial navigation.

Our VR experimental paradigm provides important improvements over keyboard- and joystick-
based paradigms which to date have been ubiquitous in studies on spatial navigation [185, I,
capturing the important contribution of proprioceptive feedback of walking in VR navigation
and mobility [55, |. Importantly, this was achieved using a portable, inexpensive tablet
which can be used in stand-alone fashion in any sufficiently large open space, and did not
require the dedicated infrastructure of previously published locomotion-controlled auditory
VR [344, , , |. This makes locomotion-controlled, multi-sensory immersive VR
accessible to smaller, independent research groups, or those who do not use immersive VR as

their principal methodology.

Like other VR paradigms, our paradigm lends itself well to the automatic and randomised
generation of simulated environments, and avoids real-world mobility hazards to participants.
Moreover, the continuous tracking of real walking behaviour in the virtual world allows for
the extraction of measures that capture the dynamics of walking and navigating, such as
path length, speed, head rotation, and deviation distances from objects. In the current
study, we generated simplified models of real-world scenarios as a necessary first step. The
paradigm’s flexibility will enable the testing of audio-only navigation in more complex virtual

environments in the future, for example multi-room scenarios with multiple object types.

While we have used this navigation testing paradigm to investigate the utility of our sonification
mappings, the paradigm would be equally suited to testing navigation using existing SSDs.
Directional spatial-to-audio sSDs have already been tested in VR environments [59, , ],
and it would only require the use of a tracking device such as the Tango to convert this into a
locomotion-based VR paradigm. To test realistic echolocation-type sSDs 144, , , |,
the most important additional requirement would be the accurate modelling of acoustics
in the VR environment to accurately render the temporal and spectral information present
in real-world echoes [11], something that has already been achieved [268, 348]. Finally, to
test navigation in ssDs that take 2D images as input, whether auditory such as the vOICe
or EyeMusic |1, |, or tactile [33, 34, 35, ) |, the image of the VR environment as

rendered on screen can simply be used as a substitute to the regular video input of such SSDs.
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Additionally, the wealth of data on navigational dynamics which can be automatically extracted
from the tracking device, and its lightweight, low-cost control via real locomotion opens up
other exciting use cases. We believe this approach will not only prove useful for studies of
mobility and sensory substitution, but also for studies of navigation and spatial cognition
where a contribution of proprioceptive information is relevant; for instance, in immersive
studies of spatial learning and memory [221, | and how they may be affected by clinical

conditions such as Alzheimer’s Disease |73, 101] or depression [114].

3.4.2 Comparison of navigational behaviour between sonifications

Visual /sighted control Participants’ walking velocity in the visual control approached
1m/s, close to the average human walking speed of 1.4m/s [231]. These measurements verify

the robustness of the visual control against which sonification performance is compared.

Simulated echolocation The emitted click and distance-dependent “pops” of simulated
echolocation necessitated the following: firstly, participants needed to sample their surround-
ings by orienting their head, and secondly, using the returning waves of pops, participants
needed to stitch their audio-based representations together in order to construct a repres-
entation of the full scene. For these reasons, echolocation differs from the passive humming
sonification method, and is more akin to looking and “seeing”. By comparing participant
performance, however, the simulated echolocation sonification appeared to be less intuitive
than the humming sonification. This was supported by overall slower echolocation navigation
speeds in both the maze and the obstacle corridor, indicative of participants being more hesit-
ant. This could have been the result of a number of factors. Firstly, compared to humming,
there is a higher cognitive load in processing the click-pops of echolocation. Participants
reported that the click-pop delays were difficult to interpret, however, with more training,
they may have been able to draw more information from them. A second reason for higher
hesitancy with simulated echolocation is the limitation imposed by its update speed. The
click rate (every 1.75s) placed an upper bound on the speed at which an up-to-date acoustic
snapshot of the environment is received. It is possible that with a higher click frequency,
participants would have been able to move more quickly, however, this comes at the risk of

losing the ability to temporally discriminate pops if they scatter too quickly.
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Across both environments a unifying strategy for simulated echolocation was hypothesised
to be one in which the “quietest” path or the path of least resistance was followed. In other
words, if no obstacles were directly in front of a participant, then the returning pop sounds
were few and so the soundscape relatively quiet. In this way, a path could be weaved between
obstacles. Consistent with this, there was a trend towards fewer collisions in the echolocation

condition compared to humming (by 46%, p=0.067).

Distance-dependent hum volume modulation Participant task performance indicated
that encoding objects’ spatial distance using volume-modulated humming was an intuitive son-
ification method, more so than simulated echolocation. In both the maze and obstacle corridor,
navigation using the humming sonification was faster compared to simulated echolocation
along equivalent path lengths. This suggests higher confidence levels with the humming
technique. Looking at the more challenging obstacle avoidance in the corridor environment,
with humming, walking speeds were on average 27% slower than those in the maze. The speed
difference between the two environments using humming was greater than the difference using
echolocation. Despite this, navigation with humming was faster than with echolocation by

0.7m/s in the obstacle corridor.

These results together suggest that of the two sonification methods, humming was quicker and
easier to learn than echolocation. Humming, however, is inherently limited by the amount of
information it can represent. A hum, based on its volume level conveys distance to an obstacle,
and based on its stereo components conveys information about its spatial position. On the
other hand, a hum offers no information about object shape. Furthermore, absolute hum
volume, necessary for participants to calibrate their volume-distance correspondence, may be
difficult to immediately discern. Critically too, the presence of multiple obstacles, resulting in
the overlapping of humming zones, was reported to make it challenging to distinguish space
between obstacles or clear paths ahead. We believe, therefore, that simulated echolocation
has greater potential for representing more complex and detailed environments for the task
of navigation. Pointing toward this, participants rated echolocation as easier than humming
in the more complex corridor environment in their follow-up qualitative feedback, despite

their poorer navigational performance here. One possible explanation for this difference could
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be that participants are positively projecting their capacity to learn a richer sonification for
more complex environments in the future (i.e. perceiving the method as easier in the present

because of their predicted ability to improve or master the method in the future).

To enable the estimation of distance with a humming approach, future work could include
modulating the hums in ways that would make judging absolute distance easier for the human
auditory system. Hums could be pulsed with a frequency proportional to obstacle distance, or
modulated in pitch or with a filter envelope as a participant approaches an obstacle. The
presence of multiple objects as overlapping sources of hums also poses a challenge—it is easy
to overwhelm a participant with a cacophony of sound. Here, an intelligent way of identifying
the most mobility-relevant objects in the scene might be useful so that sounds from other less

relevant objects or objects further away may be suppressed.

3.4.3 Observed learning effects in stereosonic navigation

For each sonification condition, participants received minimal instruction prior to the trials
and no feedback during the trials. As part of the minimal instruction, participants underwent
a training period with the device—this took place in a drastically simplified version of the
obstacle corridor (with only one obstacle) and comprised only a small number of trials.
The training period was primarily intended to familiarise participants with the headset and
experimental procedure rather than the sonification methods themselves. The brevity of the
instruction and training period was also intended to provide a fair baseline for comparison to

other visual-to-audio SSDs in the task of navigation.

With this in mind, it is therefore impressive that learning effects were observed for the
humming sonification over only 6 trials. The clearest learning effect was seen in the decrease in
time taken to reach the goal: improvements of 24.2s and 28.1s were achieved in the maze and
the obstacle corridor, respectively. Furthermore, in the obstacle corridor environment, obstacle
deviation distances improved by ~0.5m using the humming sonification. No significant effect

was seen for echolocation, though the direction of the effects was consistent with improvement.

While the sonification performance does not reach performance when sight is available, the

results speak to the possibility that with further training this performance difference could
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be reduced. More experience with each sonification method as well as a more detailed
understanding of the sonifications’ formulations (in particular simulated echolocation which
shows promise in representing more complex environments) may allow participants to narrow

this performance gap with practice.

3.4.4 Considerations for real-life application

From the current study it is too bold to claim that the two sonification methods explored
here encode visual spaces in sufficient detail for seamless spatial navigation. Our results,
however, do suggest that participants were able to obtain a 3D spatial awareness of their
virtual surroundings. The fact that participants were able to spatially place themselves and
manoeuvre through two distinct VR environments, avoiding walls and simple obstacles, and
also improve their navigational performance over time is indicative of this. We believe that
it is, therefore, interesting to consider the potential for these strategies as a real-life sensory

substitution device for visually impaired people.

To this effect, it will be necessary to investigate how VI participants specifically adapt to these
different sensory substitution approaches, and how the approaches complement or interact
with their existing navigation strategies. On one hand, VI participants may outperform our
normally-sighted participants, as it has been shown that early-blind individuals in particular
may display superior performance in auditory tasks like pitch discrimination [112] and spatial
sound localisation [113, , , |. In addition, they may be more experienced in using
such spatial properties of audio to navigate and detect obstacles in their environment [318, .
With regard to our hypothesised audio-based navigational strategies, VI individuals might in
fact be more inclined than our sighted participants to use head rotation for echolocation as

they will know from experience that this helps to sample the auditory environment.

Conversely, in particular those VI participants who have been blind from birth or a very
young age may have altered representations of locomotor space that could interfere with
performance [300, |. This may reflect a greater tendency to rely on an egocentric rather
than allocentric spatial reference frames [258], which is thought to be particularly pronounced
for larger-scale spatial representations such as those relevant to locomotor activity [145]. There

is evidence that such altered spatial representations may negate the advantages of superior
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auditory discrimination in sound localisation in larger spaces [310]. How well the performance
of our sighted participants correlates to the performance of vI individuals is therefore an

important question to address in future work.

Moreover, in order to translate our sonification mappings to the real world, it will be necessary
to implement the current virtual world sonification in real 3D space, and ultimately transfer
the mappings onto a stand-alone wearable SSD. By pairing an RGB camera with a depth
sensor and applying computer vision algorithms to the incoming video streams, it is possible to
extract 3D spatial and semantic information of the real-world environment. Object detection
methods [281, , | can localise the presence/absence of objects, and object recognition
methods 28, | can identify the types or classes of these objects (for example, desks, chairs,
people, but also more abstract categories like walls, floors and ceilings). The incoming depth
maps (from the depth sensor) will provide real-world distance estimates from the camera
to densely scattered points in the environment. If the camera were mounted on the user’s
head, these two streams of information would allow for the building and updating of a 3D
egocentric representation of the user’s environment which could subsequently be converted
into its corresponding soundscape. For simulated echolocation, the distances provided by
the depth maps would be synonymous with the distances the projected particles travel. In a
similar way, these distances could be used to modulate the volume/pulse frequency of the
humming sounds. Central to this process will be the selection of objects which are relevant to

mobility so as not to overwhelm the user with irrelevant audio cues.

Extending this, recent years have seen the proliferation of methods for the fusion of global
3D maps of environments [210, , , , |. These methods allow 3D maps of whole
environments to be built and updated on-the-fly as the user moves within them. Access to
such a map would offer the ability to integrate global-level information of an environment
(which may not be available from the user’s local camera view) into the sonification methods,
for example, sonifying objects behind the user, objects that dynamically move in and out of

the user’s FOV, or objects at far distances or in occluded positions.

Implementing these real-world sonification methods into a wearable SSD presents several chal-
lenges. The system must be able to capture, build a representation of the user’s environment,

and sonify the relevant parts of the scene all in near real-time. Furthermore, the device
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must be light in both weight and power consumption, placing significant restrictions on the
on-board processing of the device. Real-time object detection and recognition methods already
exist [153, , , |, however, and we can expect increasingly reliable and light-weight

solutions to follow in the near future.

A crucial consideration in building a wearable audio-based $SD for VI people is the fact that
the resultant soundscapes must be delivered in a way that does not mask or impede the
ambient sounds on which the user may already heavily rely to perceive their surroundings
and remain oriented. Bone-conduction headphones, which transmit sounds through vibrating
pads placed on the jaw bones, have been shown to allow equivalent performance in the spatial
localisation of audio cues when compared with standard stereo headphones [208], and have
been successfully used for auditory spatial navigation through VR environments [344]. This
suggests that they do have the potential to accurately represent 3D spatial audio for navigation

within a real-world visual-to-audio SSD.

Finally, it is worth noting that another successful real-life implementation of the sonification
mappings presented in this study may yet be entirely virtual. Since the advent of VR
environments, an important question has been how to make such environments accessible
to the VI community, for example for gaming, and other experiences [354]. The focus of VR
system development has largely been geared toward a better visual experience, but there have
been notable exceptions focusing on the non-sighted population [69, , |. Our auditory
VR navigation paradigm, therefore, could add to the available methods for making virtual

worlds more accessible to those without sight.
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3.5 Conclusion

The current study has explored the feasibility of two novel visual-to-audio mappings for the
task of spatial navigation: simulated echolocation and distance-dependent volume modulation
of hums. Both sonification methods were implemented and tested in two virtual reality
environments using a head-mounted 3D motion-tracking device. The device created an
immersive virtual world in which participants were able to physically walk around virtual
scenes. To our knowledge, this is the first work to make use of such an experimental paradigm
for the task of spatial navigation, and we believe this approach will be of interest to others
working in the dynamics of mobility and spatial navigation. Our key findings showed that
participants were able to navigate using both of the proposed sonification methods, with
task completion time, velocity, number of collisions and other more nuanced navigational
behaviours improving over the course of only six trials. Importantly, these improvements were
achieved with participants receiving minimal instruction and a very short training period.
This bodes well for future scenarios in which participants have more experience with the
sonification methods. Although audio-only navigational performance clearly remains below
that of visual navigation, our findings suggest that the sonification methods generated an
awareness of nearby 3D spatial surroundings. This is a promising step in the direction of

enabling independent mobility for visually impaired individuals through sensory substitution.
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Abstract

We present FLIPDIAL, a generative model for visual dialogue that simultaneously plays the role
of both participants in a visually-grounded dialogue. Given context in the form of an image
and an associated caption summarising the contents of the image, FLIPDIAL learns both to
answer questions and put forward questions, capable of generating entire sequences of dialogue
(question-answer pairs) which are diverse and relevant to the image. To do this, FLipD1aL
relies on a simple but surprisingly powerful idea: it uses convolutional neural networks (CNNs)
to encode entire dialogues directly, implicitly capturing dialogue context, and conditional
VAEs to learn the generative model. FripDiAL outperforms the state-of-the-art model in the
sequential answering task (one-way visual dialogue (1vD)) on the VisDial dataset by 5 points
in Mean Rank using the generated answers. We are the first to extend this paradigm to full
two-way visual dialogue (2vD), where our model is capable of generating both questions and
answers in sequence based on a visual input, for which we propose a set of novel evaluation
measures and metrics.
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FlipDial: A Generative Model for Two-Way Visual Dialogue

4.1 Introduction

A fundamental characteristic of a good human-computer interaction (HCI) system is its ability
to effectively acquire and disseminate knowledge about the tasks and environments in which
it is involved. A particular subclass of such systems, natural-language-driven conversational
agents such as Aleza [10] and Siri [25], have seen great success in a number of well-defined
language-driven tasks. Even such widely adopted systems suffer, however, when exposed to
less circumscribed, more free-form situations. Ultimately, an implicit requirement for the
wide-scale success of such systems is the effective understanding of the environments and goals
of the user—a difficult problem as it involves getting to grips with a variety of sub-problems
(semantics, grounding, long-range dependencies) each of which are extremely difficult problems
in themselves. One avenue to ameliorate such issues is the incorporation of visual context to
help explicitly ground the language used—providing a domain in which knowledge can be
anchored and extracted from. Conversely, this also provides a way in which language can be
used to characterise visual information in richer terms, for example with sentences describing

salient features in the image (referred to as “captioning”) [157, 163].

In recent years, there has been considerable interest in visually-guided language generation
in the form of vQA [24] and subsequently visual dialogue [77], both involving the task of
answering questions in the context of an image. In the particular case of visual dialogue,
along with the image, previously seen questions and answers (i.e. the dialogue history) are
also accepted, and a relevant answer at the current time produced. We refer to this one-sided
or answer-only form of visual dialogue as one-way visual dialogue (1vD). Inspired by these
models and aiming to extend their capabilities, we establish the task of two-way visual dialogue

(2vD) whereby an agent must be capable of acting as both the questioner and the answerer.

Our motivation for this is simple—autonomous agents need to be able to both ask questions
and answer them, often interchangeably, rather do either one exclusively. For example, a
vision-based home-assistant like Aleza may need to ask questions based on her visual input
(‘There is no toilet paper left. Would you like me to order more?’) but may also need to
answer questions asked by humans (‘Did you order the two-ply toilet paper?’). The same

question-answer capability is true for other applications. For example, with aids for visually
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impaired people, a user may need the answer to ‘Where is the tea and kettle?’, but the system
may equally need to query ‘Are you looking for an Earl Grey or Rooibos teabag?’ to resolve

potential ambiguities.

We take one step toward this broad research goal with FLIPDIAL, a generative model capable
of both 1vD and 2vD. The generative aspect of our model is served by using a conditional
variational auto-encoder (CVAE), a framework for learning deep conditional generative models
while simultaneously amortising the cost of inference in such models over the dataset [171, 310].
Furthermore, inspired by the recent success of convolutional neural networks (CNNs) in language
generation and prediction tasks [111, 162, 267], we explore the use of CNNs on sequences of
sequences (i.e. a dialogue) to implicitly capture all sequential dependences through the model.
Demonstrating the surprising effectiveness of this approach, we show sets of sensible and

diverse answer generations for the 1vD task in Figure 4.1.

Question Ground-truth
answer

How old is the I can’t see his| He looks| Twenties| I can’t| Thirtys I say| Twentys
man? face, but maybe mid thirty tell teenager
or late twenties

What race is White White White | In five-| I can’t|Caucasian| He looks
the man? thirty see white
away.

Is he wearing I don’t see his No Yes Yes Yes No No
a hat? head

Is he wearing Yes Yes Yes No No Yes it
a shirt?

What color? Dark grey Grey Grey Black White Black Black

What gender is I can’t really 1 Boy 1 Male T I
the baby? tell, maybe a girl
What is the A bib shirt| T-shirt|Shirt and|Shirt and Looks | Shirt and
baby wearing? has pants shirt shirt like shirt
white

What color is White and black White Silver Silver It is White Black
the remote? white and
black

Is the chair No, it’s leather No No Yes [ No it's a No Yes
wood? chair

What color is Like a light Brown | White has| A light Gray Brown Gray
the chair? burgundy white brown with A man sitting in a chair holding a baby who is chewing on a remote
checkered white

texture

Figure 4.1 Diverse answers generated by FLIPDIAL in the one-way visual dialogue (1vD) task. For a given time step
(row), each column shows a generated answer to the current question. Answers are obtained by decoding a latent z;
sampled from a prior conditioned on the image, caption and dialogue history up until that time step.

We here provide a brief treatment of works related to visual dialogue. We reserve a thorough
comparison to Das et al. [77] for Section 4.4.3, noting that our fully-generative convolutional
extension of their model outperforms their state-of-the-art (SOTA) results on the answering of
sequential visual-based questions (1vD). In another work, Das et al. [78] present a reinforcement
learning-based model to do 1vD, where they instantiate two separate agents, one each for
questioning and answering. Crucially, the two agents are given different information—with
one (QBot) given the caption, and the other (ABot) given the image. While they formulate

the interesting task of performing image retrieval from natural language descriptions, their
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set-up is fundamentally different from having a single agent perform both roles. Jain et al.
[152] explore a complementary task to VQA where the goal is instead to generate a (diverse)
set of relevant questions given an image. In their case, however, there is no dependence
on a history of questions and answers. Finally, we note that Zhao et al. [381] employ a
similar model structure to ours, using a CVAE to model dialogue, but condition their model
on discourse-based constraints for a purely linguistic (rather than visuo-linguistic) task. The

tasks we target, our architecture (CNNs), and the dataset and metrics we employ are distinct.
Our primary contributions in this work are therefore:

1. A fully-generative, convolutional framework for visual dialogue that outperforms SOTA
models on sequential question answering (1vD) using the generated answers, and
establishes a baseline in the challenging two-way visual dialogue task (2vD).

2. Evaluation using the predicted (not ground-truth) dialogue—essential for real-world
conversational agents.

3. Novel evaluation metrics for generative models of two-way visual dialogue to quantify

answer-generation quality, question relevance, and the models’s generative capacity.

4.2 Preliminaries

Here we present a brief treatment of the preliminaries for deep generative models—a con-
glomerate of deep neural networks and generative models. In particular, we discuss the
VAE [171] which, given a dataset X’ with elements @ € X', simultaneously learns i) a variational
approximation gs(z | )? to the unknown posterior distribution py(z | ) for latent variable z,
and ii) a generative model py(x, z) over data and latent variables. These are both highly
attractive prospects as the ability to approximate the posterior distribution helps amortise
inference for any given data point @ over the entire dataset X, and learning a generative
model helps effectively capture the underlying abstractions in the data. Learning in this

model is achieved through a unified objective, involving the marginal likelihood (or evidence)

2Following the literature, the terms recognition model or inference network may also be used to refer to the
posterior variational approximation.
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of the data, namely:

log py(x) = Diw(ge(2 | ®) | po(z | ) + Eg, (212) [log po (@, 2) — log gs(2 | z)]

> Eq, (z[2) [l0g po(®|2)] — Dic.(45(2(2) || po(2)) (4.2.1)

The unknown true posterior py(z | ) in the first KL divergence is intractable to compute
making the objective difficult to optimise directly. Rather a lower-bound of the marginal

log-likelihood log py (), referred to as the evidence lower bound (ELBO), is maximised instead.

By introducing a condition variable y, we capture a conditional posterior approximation
4s(z | x,y) and a conditional generative model py(x, z | y), thus deriving the cvar [310].

Similar to Eq. 4.2.1, the conditional ELBO is:

logpo(x | y) > Bq, (zlzy)logpo(@ | 2,9)] — Diw(as(2 [ 2, ) || pa(z | ¥)) (4.2.2)

where the first term is referred to as the reconstruction or negative cross entropy (CE)
term, and the second, the regularisation or KL divergence term. Here too, similar to the VAE,
4s(z | x,y) and pg(z | y) are typically taken to be isotropic multivariate Gaussian distributions,
whose parameters (pg, o'g) and (pp, 0127) are provided by deep neural networks (DNNs) with
parameters ¢ and 6, respectively. The generative model likelihood py(x | z,y), whose form
varies depending on the data type — Gaussian or Laplace for images and Categorical for
language models—is also parametrised similarly. In this work, we employ the CVAE model for
the task of eliciting dialogue given contextual information from vision (images) and language

(captions and dialogue history).

4.3 Generative models for visual dialogue

In applying deep generative models to visual dialogue, we begin by characterising a preliminary
step toward it, visual question-answering (VQA). In vQA, the goal is to answer a single question
in the context of a visual cue, typically an image. The primary goal for such a model is
to ensure that the elicited answer conforms to a stronger notion of relevance than simply

answering the given question—it must also relate to the visual cue provided. This notion can
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be extended to one-way visual dialogue (1vD) which we define as the task of answering a
sequence of questions contextualised by an image (and a short caption describing its contents),
similar to [77]. Being able to exclusively answer questions, however, is not fully encompassing
of true conversational agents. We therefore extend 1vD to the more general and realistic
task of two-way visual dialogue (2vD). Here the model must elicit not just answers given
questions, but questions given answers as well—generating both components of a dialogue,
contextualised by the given image and caption. Generative 1vD and 2vD models introduce

stochasticity in the latent representations.

As such, we begin by characterising our generative approach to 2vD using a CVAE. For
a given image ¢ and associated caption ¢, we define a dialogue as a sequence of question-
answer pairs dy.7 = ((q, at)>tT:1, simply denoted d when sequence indexing is unnecessary.
Additionally, we denote a dialogue context h. When indexed by step as hy, it captures the

dialogue subsequence dj.¢.

With this formalisation, we characterise a generative model for 2vD under latent variable z as
po(d,z | i,¢c,h) = pg(d | z,4,¢,h) po(z | i, ¢, h), with the corresponding recognition model
defined as gg4(z | d,%,c,h). We refer to this model as FLipDI1aL. Note that with relation

to Eq. 4.2.2, data x is dialogue d and the condition variable is y = {2, ¢, h}, giving:

lngg(d ’ 7:7 C, h) > Eq¢(z\d,i,c,h) [logp9(d ’ z, 7:7 C, h)]

— Dii(ge(2z | d,2,¢,h) || po(z | 2, ¢, b)), (4.3.1)

with the graphical model structures shown in Figure 4.2.

7 \jl\ h 1 f h
Figure 4.2 left: conditional recognition model and right: conditional generative model for 2vp.

FrLipD1AL’s formulation in Eq. 4.3.1 is general enough to be applied to single question-answering
(vQA) all the way to full two-way dialogue generation (2vD). Taking a step back from generative
2vD, we can re-frame the formulation for generative 1vD (i.e. sequential answer generation)

by considering the generated component to be the answer to a particular question at step t,
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given context from the image, caption and the sequence of previous question-answers. Simply
put, this corresponds to the data & being the answer a;, conditioned on the image, its caption,
the dialogue history until t—1, and the current question, or y = {2, ¢, hy_1, q;}. For simplicity,
we denote a compound context as hy = (h;_1,q;) and reformulate Eq. 4.3.1 for 1vD as:

T

logpg(d | ,¢,h) =) logpy(as | i,¢,hy),
t=1

logpg(ay | i, ¢, h) > By, (zla,ient)l0gpo(ar | 2,1, ¢, hi)]

— Di(gs(2 | ar, i, ¢,hy) | po(z | 4, ¢, b)), (4.3.2)

with the graphical model structures shown in Figure 4.3.

: h; h; :

1 (]

e~ ‘
T T

Figure 4.3 reft: conditional recognition model and right: conditional generative model for 1vp.

Our baseline |77] for the 1vD model can also be represented in our formulation by taking the
variational posterior and generative prior to be conditional Dirac-Delta distributions. That
is, ¢5(z | at, 1, ¢, hf) = pg(z | i,¢,hy) = 6(z | 4,¢, hy). This transforms the objective from
Eq. 4.3.2 by i) replacing the expectation of the log-likelihood over the recognition model by an
evaluation of the log-likelihood for a single encoding (one that satisfies the Dirac-Delta), and
ii) ignoring the Dy, regulariser, which is trivially 0. This computes the marginal likelihood

directly as just the model likelihood log py(a: | 2,4, ¢, hy), where z~d(z | ¢, c, hy).

Note that while such models can “generate” answers to questions by sampling from the
likelihood function, we typically don’t call them generative since they effectively make the
encoding of the data and conditions fully deterministic. We explore and demonstrate the
benefit of a fully generative treatment of 1vD in Section 4.4.3. It also follows trivially that the
basic VQA model (for single question-answering) itself can be obtained from this 1vD model

by simply assuming there is no dialogue history (i.e. step length 7' = 1).
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4.3.1 “Colouring” visual dialogue with convolutions

FLIPDIAL’S convolutional formulation allows us to implicitly capture the sequential nature of
sentences, and sequences of sentences. Here we introduce how we encode questions, answers,

and whole dialogues with CNNs.

We begin by noting the prevalence of recurrent approaches (e.g. LSTM [136], GRU [60]) in
modelling both visual dialogue and general dialogue to date [77, 78, , |. Typically
recurrence is employed at two levels—at the lower level to sequentially generate the words of
a sentence (a question or answer in the case of dialogue), and at a higher level to sequence

these sentences together into a dialogue.

Recently however, there has been considerable interest in convolutional models of language [36,
, , |, which have shown to perform at least as well as recurrent models, if not better,
on a number of tasks. They are also computationally more efficient, and typically suffer less

from issues of exploding or vanishing gradients for which recurrent networks are known [257].

In modelling sentences with convolutions, the tokens (words) of the sentence are transformed
into a stack of fixed-dimensional embeddings (e.g. using word2vec [229] or GloVe [264], or
those learned for a specific task). For a given sentence, say question gy, this results in an
embedding ¢; € RE*F for embedding size E and sentence length L, where L can be bounded
by the maximum sentence length in the corpus, with padding tokens employed where required.
This two-dimensional stack is essentially a single-channel “image” on which convolutions can
be applied in the standard manner in order to encode the entire sentence. Note this similarly

applies to the answer a; and caption ¢, producing embedded a; and ¢, respectively.

We then extend this idea of viewing sentences as “images” to whole dialogues, producing a
multi-channel language embedding. Here, a sequence of sentences can be seen as a stack of (a
stack of) word embeddings d € REXL*2T where now the number of channels accounts for

the number of questions and answers in the dialogue. We refer to this process as “colouring’

dialogue, by analogy to the most common meaning given to image channels—colour.

Our primary motivation for adopting a convolutional approach here is to explore its efficacy in

extending from simpler language tasks [111, | to full visual dialogue. We hence instantiate
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the following FripD1aL models for 1vD and 2vD:

Answer [1vD|: We employ the CVAE formulation from Eq. 4.3.2 and Figure 4.3 to iteratively
generate answers, conditioned on the image, caption and current dialogue history.
Block [1vD, 2vD]: Using the CVAE formulation from Eq. 4.3.1 and Figure 4.2 we generate

entire blocks of dialogue directly (i.e. h = () since dialogue context is implicit rather than
explicit). We allow the convolutional model to implicitly supply the context instead.
We consider this 2vD, although this block architecture can also generate iteratively, and
can be evaluated on 1vD (see Section 4.4.2).
Block Auto-Regressive [1vD, 2vD]: We introduce an auto-regressive component to our
model following auto-regressive generative models for images [120), |]. We augment the
Block model by feeding its output through an auto-regressive (AR) module which expli-
citly enforces sequentiality in the generation of the dialogue blocks. This effectively factor-
ises the likelihood in Eq. 4.3.1 as pp(d | z,%,¢,h) = py (d1 | z,1, ¢, h) HQ;Z Do (d” | dl‘"_l)
where N is the number of AR layers, and d' is the (intermediate) output from the

standard Block model. Note, again h = (), and d" refers to an entire dialogue at the

n'™ AR layer (rather than the ¢ dialogue exchange as is denoted by d;).

4.4 Experiments

We present an extensive quantitative and qualitative analysis of FLIPDIAL’s performance in
both 1vD, which requires answering a sequence of image-contextualised questions, and full
2vD, where both questions and answers must be generated given a specific visual context.

Our proposed generative models are denoted as follows:

A — answer architecture for 1vD
B - block dialogue architecture for 1vD & 2vD

BaARr — auto-regressive extension of B for 1vD & 2vD

A is a generative convolutional extension of our baseline |77] and is used to validate our
methods against a standard benchmark in the 1vD task. B and Bag, like A, are generative,
but are extensions capable of doing full dialogue generation, a much more difficult task.

Importantly, B and Bagr are flexible in that despite being trained to generate a block of
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questions and answers (h = ()), they can be evaluated iteratively for both 1vD and 2vD
(see Section 4.4.2). We summarise the data and condition variables for all models in Table 4.1.
To evaluate performance on both tasks, we propose novel evaluation metrics which augment
those of our baseline [77]. To the best of our knowledge, we are the first to report models
that can generate both questions and answers given an image and caption, a necessary step
toward a truly conversational agent.

Table 4.1 Data () and condition (y) variables for models A and B/Bagr for 1vb and 2vb. Models B/Bagr can be
evaluated as a block or iteratively (see Section 4.4.2), accepting ground-truth (h¢_1) or previously generated (h:—1)

dialogue history. For 1vp, hi_1 contains ground-truth questions and previously generated answers, while for 2vp hi_1
contains previously generated questions and answers (see Table 4.2). For clarity, h] has been expanded to (hi_1,q¢).

Task  Model Train Evaluate
data  condition y data condition y generation & eval method
1vD A a; i,¢,qi hi_1 0 i,¢,qp, hi—1 a; each turn -
B, Bar d i,C qt, {ht—1 or hy_1} i,C a; each turn iterative
) ) d as a whol block
2vD B, Bar d i,c L. 0 e i,c . aisaw ?e R OC,
alternating h;—; and g, hy—1 alternating ¢; and a; each turn iterative

Our key results are:

e We set SOTA results in the 1vD task on the VisDial dataset, improving the mean rank
of the generated answers by 5.66 (Table 4.3, Sy2,) compared to Das et al. [77].

e Our block models are able to generate both questions and answers, a more difficult but
more realistic task (2vD).

e Since our models are generative, we are able to show highly diverse and plausible

question and answer generations based on the provided visual context.

Datasets We use the VisDial |77]| dataset (v0.9) which contains Microsoft COCO [193]
images each paired with a caption and a dialogue of 10 question-answer pairs. The train/test
split is 82, 783/40, 504 images, respectively. The dialogues are collected by pairs of annotators
on Amazon Mechanical Turk (AMT). One “blind” annotator (provided only the image caption,
not the image itself) acts as the questioner and the other “oracle” annotator (provided both

image and caption) acts as the answerer.

Baseline Das et al. [77]’s best model, MN-QIH-G, is a recurrent encoder-decoder architecture
which encodes the image 2, the current question g; and the attention-weighted ground truth

dialogue history dj.;—1. The output conditional likelihood distribution is then used to (token-
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wise) predict an answer. Our A model is a generative and convolutional extension, evaluated
using existing ranking-based metrics [77] on the generated and candidate answers. We also

(iteratively) evaluate our B/Bagr for 1vD as detailed in Section 4.4.2 (see Table 4.3).
4.4.1 Network architectures and training

Following the CVAE formulation (Section 4.3) and its convolutional interpretation (Sec-
tion 4.3.1), all our models (A, B and Bar) have three core components: an encoder network,
a prior network and a decoder network. Figure 4.4 (top) shows the encoder and prior networks,

and Figure 4.4 (middle, bottom) show the standard, and auto-regressive decoder networks.

A girl in pink shirt eating a
chocolate frosted donut

H,
S o 2

= logo

‘ |
/I
N(0,1) y
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Z=U+eo BT ——t -
\ \ i esc e eu 2 o

=Y

logo?—1 s

N(0,1) y

woo A
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Figure 4.4 Convolutional (top) conditional encoder and prior architecture, (middle) conditional decoder, and (bot-
tom) auto-regressive conditional decoder architectures, for one- and two-way visual dialogue (1vD and 2vD).
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Prior network The prior neural network, parametrised by 6, takes as input the image ¢, the
caption ¢ and the dialogue context. Referring to Table 4.1, for model A, recall y = {é,¢c, h;}
where the context hy is the dialogue history up to t—1 and the current question g;. For models
B/BaRr, y = {¢,c} (note h = (). To obtain the image representation, we pass ¢ through
VGG-16 [305] and extract the penultimate (4096-dimensional) feature vector. We pass caption
c through a pre-trained word2vec [229] module (we do not learn these word embeddings).
If h # (), we pass the one-hot encoding of each word through a learnable word embedding
module and stack these embeddings as described in Section 4.3.1. We encode these condition
variables convolutionally to obtain gy, and pass this through a convolutional block to obtain

1y, and log 0'3, the parameters of the conditional prior py(z | y).

Encoder network The encoder network, parametrised by ¢, takes & and the encoded
condition y (obtained from the prior network) as input. For model A, = a; while for
B/Bar, x=d={(q:, at)>tT:1. In all models, « is transformed through a word embedding
module into a single-channel answer “image” for A, or a multi-channel “image” of alternating
questions and answers for B/Bar. The embedded output is then combined with y to obtain

Mg and log a'g, the parameters of the conditional latent posterior g4(z | x,y).

Decoder network The decoder network takes as input a latent z and the encoded condition
y. The sample is transpose-convolved, combined with y and further transformed to obtain
an intermediate output volume of dimension F x L x M, where E is the word embedding
dimension, L is the maximum sentence length and M is the number of dialogue entries in
x (M =1 for A, M = 2T for B variants). Following this, our models diverge in their
architectures: A and B employ a standard linear layer, projecting the F dimension to the
vocabulary size V' (Figure 4.4 (middle)), whereas BaAr employs an autoregressive module
followed by this standard linear layer (Figure 4.4 (bottom)). At train time, the softmaz of
the V-dimensional output is used to compute the CE term of the ELBO. At test time, the
argmax of the output provides the predicted word index. The weights of the encoder and

prior’s learnable word embedding module and the decoder’s final linear layer are shared.
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Autoregressive module Inspired by PizelCNN [331] which sequentially predicts image
pixels, and similar to [120], we apply N = {8, 10} size-preserving autoregressive layers to the
intermediate output of model B (size E x L x 2T), and then project E to vocabulary size
V. Each layer employs masked convolutions to ensure only past embeddings (in the dialogue
history) are considered, and sequentially predicts 27" % L embeddings of size E. This approach

thus enforce sequentiality at both the sentence- and dialogue-level.

KL annealing Motivated by [19] in learning continuous latent embedding spaces for language,
we employ KL annealing in the loss objectives of Eq. 4.3.1 and Eq. 4.3.2. We weight the KL
term by « which is linearly interpolated from [0, 1] over 100 epochs. We then train for a

further 50 epochs with o = 1.

Network and training hyper-parameters When embedding sentences, we pad to a
maximum sequence length of L = 64 and use a word embedding dimension of F = 256 (for
word2vec, E = 300). After pre-processing and filtering, the vocabulary size is V' = 9710 (see
supplementary for further details). We use the Adam optimiser [170] with default parameters,
a latent dimensionality of 512 and employ batch normalisation with momentum= 0.001 and
learnable parameters. For model A we use a batch size of 200, and 40 for B/Bar. We

implement our pipeline using PYTorcH [275].

4.4.2 FEvaluation methods for block models

Although B/Bag generate whole blocks of dialogue directly (h = (), they can be evalu-
ated iteratively, lending them to both 1vD and 2vD (see supplementary for descriptions of

generation /reconstruction pipelines).

e Block evaluation [2vD]. The generation pipeline generates whole blocks of dialogue
directly, conditioned on the image and caption (i.e. = () and y = {4, ¢} for B/Bagr
evaluation in Table 4.1). This is 2vD since the model must generate a coherent block of
both questions and answers.

e Iterative evaluation. The reconstruction pipeline can generate dialogue items iterat-

ively. At time ¢, the input dialogue block is filled with zeros (PAD token) and the ground-

93



FlipDial: A Generative Model for Two-Way Visual Dialogue

truth /predicted dialogue history to < ¢ is slotted in (see below and Table 4.2). This
future-padded block is then encoded with the conditional inputs, and then reconstructed.
The ¢ dialogue item is extracted (whether an answer if 1VD or a question/answer if
2vD), and this is repeated T' (for 1vD) or 2T (for 2vD) times. Variations are:

— 1vD with ground-truth history. At time ¢, the input dialogue block is filled
with ground-truth dialogue history up to t—1, along with the current ground-truth
question. All future entries are padded—equivalent to [77] using the ground-truth
dialogue history.

— 1vD with generated history. Similar to above, except that the input block is
filled with the history of ground-truth questions and previously predicted answers
along with the current ground-truth question. This is a more realistic 1VD.

— 2vD with generated history. The most challenging and realistic condition in
which the input block is filled with the history of previously predicted questions
and answers, alternating with a generated question or answer each turn.

Table 4.2 Iterative evaluation of B/Bagr for 1vD and 2vp. Under each condition, the input dialogue block is filled
with ground-truth or predicted history (g/a or §/a, respectively), while future entries are filled with the PAD token.

Task B/BaR iterative evaluation
data x >t =t >t
with ground-truth history: q,hi (q,0a) (g, PAD) (PAD, PAD)
with generated history: qi, hi_1 (g,a) (g, PAD) (PAD, PAD)
2vD with generated history: alternating hy_1 and Gy, 1 (g,a) alternating (PAD, PAD) and (g, PAD) (PAD, PAD)

4.4.3 Evaluation and analysis

We evaluate our A, B, and Bagr models on the 1vD and 2vD tasks. Under 1vD, we predict
an answer with each time step, given an image, caption and the current dialogue history
(Section 4.4.3 and Table 4.3), while under 2vD, we predict both questions and answers
(Section 4.4.3 and Table 4.4). All three models are able to perform the first task , while only

B and Bagr are capable of the second task.

One-way visual dialogue (1vD) task

We evaluate the performance of A and B/Bagr on 1VD using the candidate ranking metric
of [77] as well as an extension of this which assesses the generated answer quality (Table 4.3).

Figure 4.1 and Figure 4.5 show our qualitative results for 1vD.
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Table 4.3 1vD evaluation for A and B/Bagr on VisDial (v0.9) test set. Results show ranking of answer candidates
based on the score functions Spy and Sy2y. B/Bar are evaluated iteratively for the 1vD task, using either ground-truth
or previously generated dialogue history (see Table 4.2).

fsc‘”]e Mod MR MRR R@1 R@5 R@10
unction
RL-QAbot [75] 20113 04370 - 53.67 6048
Su MN-QIH-G [77] 17.06 0.5259 42.29 62.85 68.88
A (W) 2387 04220 3048 53.78 57.52
A (ELBO) 20.38 04549 34.08 56.18 61.11
MN-QIH-G [77] 3131 0.2215 16.01 22.42 34.76
A (RECON) 1536 0.4952 41.77 54.67 66.90
A (GEN) 25.65 0.3227 25.88 3343 47.75
iterative B 2845 0.2027 2350 29.11  42.29
Sw.?v

with GT history  iterative BAr8 25.87 0.3553 29.40 36.79 51.19
iterative BAr10 26.30 0.3422 28.00 35.34 50.54

iterative B 30.57 0.2188 16.06 20.88 35.37
with gen. history iterative BAr8 29.10 0.2864 22.52 29.01 48.43
iterative BAgr10 29.15 0.2869 22.68 28.97 46.98

Candidate ranking by model log-likelihood [Sni] The VisDial dataset [77] provides
a set of 100 candidate answers {a$}% for each question-answer pair at time ¢ per image.
The set includes the ground-truth answer a; as well as similar, popular, and random answers.
Das et al. [77] rank these candidates using the log-likelihood value of each under their model
(conditioned on the image, caption and dialogue history, including the current question), and
then observe the position of the ground-truth answer in the ranked list (where closer to 1 is

better). This position is averaged over the dataset to obtain the mean rank (MR). In addition,

the mean reciprocal rank (MRR; 1/MR) and recall rates at k = {1,5,10} are computed.

To compare against their baseline, we rank the 100 candidates answers by estimates of their
marginal likelihood from A. This can be done with i) the conditional ELBO (Eq. 4.3.2),
and by ii) likelihood weighting (Lw) in the conditional generative model py(a: | ¢, c, h}) =
[ polas,z |i,e,hf)dz = [po(z]i,¢,hi)pg(a| z,i,¢,hy)dz. Ranking by both these ap-
proaches is shown in the Snyp section of Table 4.3, indicating that we are comparable to

SOTA models in sequential vQA [77, 78].

Candidate ranking by word2vec cosine distance [Syg,] The evaluation protocol of
[77] scores and ranks a given set of candidate answers, without being a function of the actual
answer predicted by the model, a;. This results in the rank of the ground-truth answer
candidate reflecting its score under the model relative to the rest of the candidates’ scores,
rather than capturing the quality of the answer output by the model, which is left unobserved.

To remedy this, we instead score each candidate by the cosine distance between the word2vec
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Ground-
Question truth
answer

How old is the Maybe three Looks I can’t Yes
girl? about six gl
What race is White Yes White | Caucasian
the girl?
Is she outside? Yes No Yes Yes | f2
Is her hair Short Short Short Short
long or short?
What color is Blonde Blonde Brown Brown
her hair?
Is her hair It’s Straight Straight Straight
curly or straight
straight? i
What is she Pink shirt, T-shirt | Shirt and | Jeans like | [l
wearing? white pants |and jacket pants| a pajamas
and pants
Is the teddy Yes No Yes Yes
bear in her
lap?
What color is White Brown Tan Tan and 2 i ¢ NG
the teddy bear? hit N s s s
24 mhite A young girl swinging with her
Is it nice Yes sunny es It looks Yes teddy bear
outside? lovely
Ground-
Question truth
answer
How old does Around I cannot Looks She is
she look? seven or | tell about | about six about
eight her teenager
around
Any other No No Yes Yes
people?
Any buildings? No Yes No No
Is it day or Day It looks Daytime Day
night? like it in
image is
in so
Is it raining? No Yes Yes No
What color Pink and Dark White White
umbrella? clear colored
color
Is it open or Open Yes Open Open
closed?
Is it sunny? I can't Yes No Yes
tell
What color is Dark brown Brown Brown Brown
her hair?
Is it long or L Short Short I’'d A young girl holding an
g ong or or . umbrella on the sidewalk
short? long

Figure 4.5 Qualitative examples of generated answers from A’s conditional prior — conditioned on an image, caption,
question and dialogue history. See supplementary material for further examples.

embedding of the predicted answer a; and that candidate’s word2vec embedding. We take
the embedding of a sentence to be the average embedding over word tokens following [30]. In
addition to accounting for the predicted answer, this method also allows semantic similarities
to be captured such that if the predicted answer is similar (in meaning and/or words generated)
to the ground-truth candidate answer, then the cosine distance will be small, and hence the

ground-truth candidate’s rank closer to 1.

We report these numbers for A, iteratively-evaluated B/Bagr, and also our baseline model
MN-QIH-G [77], which we re-evaluate using the word2vec cosine distance ranking (see Syg2,
in Table 4.3). In the case of A (GEN), we evaluate answer generations from A whereby we
condition on %, c and hf via the prior network, sample z ~ N (z; pp, 0'12,) and generate an

answer via the decoder network. Here we show an improvement of 5.66 points in MR over
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the baseline. On the other hand, A (RECON) evaluates answer reconstructions in which
z is sampled from N (z; pq,02) (where ground-truth answer a; is provided). We include
A (RECON) merely as an “oracle” autoencoder, observing its good ranking performance, but

do not explicitly compare against it.

We also note that the ranking scores of the block models are worse (by 3-4 MR points) than
those of A. This is expected since A is explicitly trained for 1vD which is not the case for
B/Bar. Despite this, the performance gap between A (GEN) and B/Bagr (with ground-truth
history) is not large, bolstering our iterative evaluation method for the block architectures.
Note finally that the B/Bagr models perform better when given the ground-truth rather than
generated dialogue history (by 2-3 MR points). This is also expected as answering is easier
with access to the ground-truth dialogue history rather than only the previously predicted

answers (and ground-truth questions).

Two-way visual dialogue (2vD) task

Our flexible CVAE formulation for visual dialogue allows us to move from 1vVD to the generation
of both questions and answers (2vD). Despite this being inherently more challenging, B/Bar
are able to generate diverse sets of questions and answers contextualised by the given image

and caption. Figure 4.6 shows snippets of our two-way dialogue generations.

Are it sunny? Yes Are there people? Yes

Can you see the sky? No Is it a professional photo? Yes

Color color is the uniform? White
Any birds? No

¥ |can you see the team o

Can you see any people? No

re there any people? No

Is this a sunny photo? Yes

an there? No

Is the sheep in? Yes i an you see the bases? No

B what color is the sheep? 50 A5 24 4 many people are you see Tuo

an you see the sky? Yes
S8 any people? No X >

| 1s the sky visible? Yes

Is it sunny? Yes o s 3

Is the people visible? ves

What is the the doing? It is

Does he hay
Is the sheep made? Yes, is Ts it a
stands at home plate

What color is the cabinets? White What color are the uniforms? One is white
Are there any people in the table? No ey —— o
Does the window have curtains Yes Is it people visible? ves
Is the fridge on? Yes Is this a game? Yes
Are there any people in the? No 15 the photo in color? No
o No the photo close? Yes, it
What color is the walls? White n you see the bases? No
How many chairs are there? Two nivoulisechtbegbatiy Ho
5 (e oy FoEEile? No || Is the person wearing a hat? Yes
Is it daytime? Yes /4 .

X 2 > Can you see the the No
Is there? No res e Can you see the people? No
How pics the? Mol Two guys playing baseball, with trees in

An image of a kitchen loft style setting the back

Figure 4.6 Qualitative examples of two-way dialogue generation from the B/Bagr models. Different colours indicate
different generations—coherent sets with a single colour, and failures in white. See supplementary for further examples.
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In evaluating our models for 2vD, the candidate ranking protocol of [77] which relies on a given
question to rank the answer candidates, is no longer usable when the questions themselves
are being generated. This is the case for B/Bagr block evaluation, which has no access to the
ground-truth dialogue history, and the iterative evaluation when only the generated history of
questions and answers is used (Table 4.2). We therefore look directly to the CE and KL terms
of the ELBO as well as propose two new metrics, simcq and sim, to compare our methods

in the 2vD task:

e Question relevance (simcq). We expect a generated question to query an aspect of
the image, and we use the presence of semantically similar words in both the question
and image caption as a proxy of this. We compute the cosine similarity between the
(average) word2vec embedding of each predicted question g; and that of the caption ¢,
and average over all T questions in the dialogue. A value closer to 1 would indicate
higher semantic similarity between the generated questions and the visual component.

e Latent dialogue dispersion (sim). For a generated dialogue block d¥, sim com-
putes the KL divergence Dy (qg(2|d?, %, c) || ¢4(2]d, 2, c)). This measures how close the
generated dialogue is to the true dialogue d in the latent space, given the same image

and caption c.

From Table 4.4, we observe a decrease in the loss terms as the auto-regressive capacity of
the model increases (none — 8 — 10), suggesting that explicitly enforcing sequentiality in
the dialogue generations is useful. For sim within a particular model, the dispersion values
are typically larger for the harder task (without dialogue context). We also observe that
dispersion increases with number of AR layers, suggesting AR improves the diversity of the

model outputs, and avoids simply recovering data observed at train time.

While the proposed metrics provide a novel means to evaluate dialogue in a generative
framework, like all language-based metrics, they are not complete. The question-relevance
metric, sim. q, can stagnate, and neither metric precludes redundant or nonsensical questions.
We intend for these metrics to augment the bank of metrics available to evaluate dialogue
and language models. Further evaluation, including i) using auxiliary tasks, as in the image-
retrieval task of [78], to drive and evaluate the dialogues, and ii) turning to human evaluators

to rate the generated dialogues, can be instructive in painting a better picture of these models.
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Table 4.4 2vD evaluation for B/Bagr on VisDial (v0.9) test set, with either whole dialogues generated at once (block
evaluation), or questions/answers generated iteratively and in alternation (using previously generated history) (see
Section 4.4.2). Arrows indicate which direction is better.

S)
O

Model Eval Method Cross Entropy KL divergence sim.q sim

(8 (8 1 I

B block 31.18 4.34 0.4931 14.20
iterative 25.40 4.01 0.4091 1.86

Bacs block 28.81 2.54 0.4878 31.50
AR iterative 26.60 2.29 0.3884  2.39
Ban 0 block 28.49 1.89 0.4927 44.34
AR iterative 24.93 1.80 0.4101  2.35

4.5 Conclusion

In this work we propose FLIPDIAL, a generative convolutional model for visual dialogue which
is able to generate answers (1vD) as well as generate both questions and answers (2vD) based
on a visual context. In the 1vD task, we set new SOTA results with the answers generated by
our model, and in the 2vD task, we are the first to establish a baseline, proposing two novel
metrics to assess the quality of the generated dialogues. In addition, we propose and evaluate
our models under a much more realistic setting for both visual dialogue tasks in which the
predicted rather than ground-truth dialogue history is provided at test time. This challenging
setting is more akin to real-world situations in which dialogue agents must be able to evolve
with their predicted exchanges. We emphasize that research focus must be directed here in
the future. Finally, under all cases, the sets of questions and answers generated by our models
are qualitatively good: diverse and plausible given the visual context. Looking forward, we are
interested in exploring additional methods for enforcing diversity in the generated questions
and answers, as well as extending this work to explore recursive models of reasoning for visual

dialogue.
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4.6 Supplementary

4.6.1 Glossary

block dialogue/architecture Models B/Bag are built and trained for the task of two-way
visual dialogue (2vD) with data @ = d and condition variable y = {¢, ¢}. Since d is a
whole dialogue sequence/block ((qy, a:))l_, we refer to B/Bag as block architectures.

generation This represents the scenario when only the condition variable y is available
at test time. In this case, the decoder network receives a sample z ~ py(z | y), a
multivariate Gaussian parametrised by (pp, ag) learned using the prior network. We
call the decoded output & a generation.

reconstruction Differing from a generation, both y and x are available. The decoder network
receives a sample z ~ q4(z | ,y), a multivariate Gaussian parametrised by (pq,o?2)
learned using the encoder network. We call the decoded output & a reconstruction.
The reconstruction pipeline is used during training when the input « and the condition
variable y are available. Note, this pipeline is also used when B/BaRr are evaluated

iteratively (see Section 4.4.2).
4.6.2 Extended quantitative results on 1vD task

Table 4.3 in the main paper evaluates A and B/BaR in the task of one-way visual dialogue
(1vD). Here we shed light on these numbers and the metrics used to obtain them. We also

present a more extensive quantitative analysis of B/Bag in the 1vD task (see Table 4.5).

Evaluating B/Bar on 1vD We extend Table 4.3 with Table 4.5, which further compares
the iteratively-evaluated B/Bagr models when using the ground-truth or previously generated
dialogue history. We look at the CE and KL terms of the ELBO, and sim. We observe that
B/Bagr with ground-truth dialogue history beats B/Bar with generated history by 7-10
points in MR, and also improves in MRR. and recall rates. The sim metric, on the other hand,
show very little performance difference across the two evaluation settings. We also note that
ranking performance is worse when both image ¢ and caption ¢ are excluded from condition

variable. This does not, however, correlate with the CE and KL terms of the loss which are
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lower for a condition-less setting. We attribute this to the model being transformed from a
CVAE to a VAE, hence lifting the burden of capturing the conditional posterior distribution

(i.e. the KL is now between an unconditional g4(z | ) and N(0,1)).

Table 4.5 1vD iterative evaluation for B/Bagr on VisDial (v0.9) test set. Results show ranking of answer candidates
based on the Sy2, scoring function. Note that GT history indicates the iterative evaluation method when the ground-
truth dialogue history is provided, while gen. history indicates the iterative evaluation method when the ground-truth
question and previously generated answer history is provided (see Section 4.4.2). The +/- indicate models trained
with/without respective conditions, image 4 and caption e. Arrows indicate which direction is better.

Model i ¢ CE KLD MR MRR R@l R@5 R@10 simg
I 4 4 L T L f 4

+ + GT history 18.87 4.36 28.45 0.2927 23.50 29.11 42.29 2.68

. 95.10 4.02 30.57 0.2188 16.06 20.88 35.37 2.42
St hisiopy 1680 313 2776 03243 2659 3321 47.65  4.48
oo BSOSO o1 00 471 2982 02144 1525 21.07 34.96 5.44
- - 19.35 13.34 29.00 0.3026 24.36 30.70 47.62 6.17
+ + GT history 15.11 253 25.87 0.3553 29.40 36.79 51.10  4.30
+ 95.70  2.21 29.10 0.2864 22.52 29.01 48.43 3.47
BArS t o hisiopy 1619 280 26,04 0.3566 2062 3675 50.62  4.17
M Y2039 2.89 2899 0.3024 24.33 30.74 47.17 816
- - 20.92 2.84 2879 0.3045 24.46 30.99 48.10 0.18
+ + GT history 16.04 1.89 26.30 0.3422 28.00 35.34 50.54 4.84
+ 2477 1.81 29.15 0.2869 22.68 28.97 46.98 2.85
Bar10

19.97 258 26.84 0.3212 2590 3292 47.68 5.95
20.39 279 2727 0.3157 2545 32.26 47.87 13.22
- - 19.17 0.00 29.00 0.3026 24.36 30.70 47.62 0.00

gen. history

4.6.3 Extended quantitative results on 2vD task

Extending Table 4.4 in the main paper, Table 4.6 here shows results for B/BaR trained with
permutations of the image ¢ and caption ¢) (denoted by + if included in the condition, and
- otherwise). We note the decrease in CE and KL as conditions (%, ¢) are excluded from the
model. This is expected since the task of dialogue generation is made simpler without the

constraints of an explicit visual/textual condition.

4.6.4 Detailed network architectures and training

The following section provides detailed descriptions of the architectures of our models A,
B and Bar. The descriptions are dense but thorough. We also include details of our
training procedure. Where not explicitly noted, each convolutional layer is proceeded by batch

normalisation (with momentum = 0.001 and learnable parameters) and a ReLU activation.
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Table 4.6 2vD evaluation for B/Bagr models on VisDial (v0.9) test set. Note that the block evaluation method

indicates when a whole dialogue is generated given only an image and its caption, while the iterative evaluation

indicates when questions and answers are generated iteratively and in alternation, conditioned on the image, caption

and previously generated dialogue history (see Section 4.4.2). The + and - indicate models trained with and without
respective conditions, image 4 and caption e. Arrows indicate which direction is better.

Model i ¢ Eval Method CE KLD sim.q simg

N[ i3 1 (8

block 31.18 4.34 0.4931 14.20

iterative 25.40 4.01 0.4091 1.86

. block 29.09 3.26 0.4889 11.23

B iterative 24.59 3.05 0.3877 3.45
. block 28.60 4.26 0.4634 15.56
iterative 20.85 4.66 0.4221  3.54

block 19.92  6.42 0.4590  6.34

T iterative 19.34 0.00 0.4638  0.00

.. block 28.81 2.54 0.4878 31.50
iterative 26.60 2.29 0.3884 2.39

. block 30.59 2.72 0.4889 43.17
BArS iterative 26.15 2.77 0.3758  3.57
. block 31.51 291 0.4602 24.75

- iterative 21.41 2.68 0.4453  5.49

block 20.32 2.77 0.4464  0.26

T iterative 21.53 299 0.4419  0.10

.. block 28.49 1.80 0.4927 44.34
iterative 2493 1.80 0.4101  2.35

. block 30.83 2.53 0.4951 38.60
Bar10 iterative 28.59 2.52 0.3903  1.91
. block 30.18 2.89 0.4592 100.81

h iterative 28.32 244 04334  6.73

block 19.60 0.00 0.4585  0.00

iterative 19.17 0.00 0.4614 0.00

Prior network The prior neural network, parametrised by 6, takes as input the image 4,
the caption ¢ and the dialogue context. For the model A, this context is h;, containing the
dialogue history up to t—1 and the current question q;. For models B/Bagr, the dialogue
context is the null set (h = ()). To obtain the image representation, we scale and centre-
cropped each image to 3 x 224 x 224 and feed it through VGG-16 [305]. The output of the
penultimate layer is extracted and ¢3-normalised (as in |77]) to obtain a 4096-dimensional
image feature vector. For the caption, we pass ¢ through a pre-trained word2vec [229] model
(we do not learn these word embeddings) to obtain ¢ € R309%L where L is the maximum
sentence length (L = 64). For the dialogue context (relevant only in the case of A) we pass the

one-hot encoding of each word through a learnable word embedding module. We stack these
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€ REXLXEK where

embeddings as described in Section 4.3.1 of the main paper to obtain h;’
E is the word embedding dimension (£ = 256), L is the maximum sentence length (L = 64),
and K is the number of dialogue entries at time ¢t. We encode these inputs convolutionally to
obtain y (the encoded condition) as follows: ¢ is passed through a convolutional block (output
size 64 x 8 x 8) and concatenated with the image feature vector (reshaped to 64 x 8 x 8). The
concatenated output is passed through a convolutional block to obtain the jointly encoded
image-caption (output size 64 x 8 x 8). If h # (), then the context is passed through a
convolutional block (output size 64 x 8 x 8), is concatenated with the encoded image-caption,
and passed through another convolutional block to get the encoded image-caption-context
(output size 64 x 8 x 8). We call this the encoded condition y, and it is then passed through a
further convolutional block (output size 256 x 4 x 4) followed by two final convolutional layers
(in parallel) to obtain p, and log 0'12), respectively, the parameters of the conditional prior
po(z | y). At this stage, pu, and log a'g are both of size 512 x 1 x 1 (the latent dimensionality).
At test time, a sample is obtained via z ~ N (z; pp, 0'12,) and is passed to the decoder to

generate a sample d; (for A) or d (for B/BaR).

Encoder network The encoder network, parametrised by ¢, takes x as input along with
the encoded condition, y, obtained from the prior network. For model A, * = a; and
y = {t,c,hi}. For models B/Bagr, ¢ =d = ((qt,at»tT:l and y = {1, c}. In all models, x
is passed through a learnable word embedding module, and the word embeddings stacked
(see Section 4.3.1 in the main paper) to obtain & € RFXIXM where E = 256, L = 64, and
M is the number of entries in  (for A, M = 1 and for B/Bar, M = 2T). In this way,
we transform @ into a single-channel answer “image” in the case of A, and a multi-channel
“Image” of alternating questions and answers in the case of B/Bar. @ is then passed through
a convolutional block (output size 64 x 8 x 8), the output of which is concatenated with y
and forwarded through another convolutional block (output size 256 x 4 x 4). This output
is passed through two final convolutional layers (in parallel) to obtain p, and log 0'3, the
parameters of the conditional latent posterior ¢4(z | ,y). Here pu, and log ag are both of
size 512 x 1 x 1. At train time, the KL divergence term of the ELBO is computed using (pq, o7¢)

(from the encoder network) and (p,, o)) (from the prior network).
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Decoder network The decoder network (for simplicity, the parameters of the prior and
decoder network are subsumed into 6) takes as input a latent z and the encoded condition y.
During training, z is sampled from a Gaussian parametrised by the (g, a'g) output of the
encoder network. This distribution is g4(z | @, ¥y). At test time, z is sampled from a Gaussian
parametrised by the (pp, of,) output of the prior network. This distribution is pp(z | y). At
both train and test time, we employ the commonly-used re-parametrisation trick [171] to
compute the latent sample as z = pu + e where € ~ A (0,1) and p and o correspond to those

derived from the encoder or prior network as described above.

The sample z is then transformed through a transpose-convolutional block (output size
64 x 8 x 8), concatenated with y and passed through a convolutional block (output size
64 x 8 x 8). This output is passed through a second transpose-convolutional block, producing
an intermediate output volume of dimension M x E x L which we permute to match the size

of . As before, E =256, L = 64, and M =1 (for A) or M = 2T (for B/Bar).

Following this, our models diverge in architecture: A and B employ a standard linear layer
which projects the E dimension of the intermediate output to the vocabulary size V. The Bagr
model instead employs an autoregressive module (detailed below) followed by this standard
linear layer. At train time, the V-dimensional network output is softmax’ed and used in
the computation of the CE term of the ELBO. At test time, the argmaz of the (softmaz-ed)
output is taken to be the index of the word token predicted. We share the weight matrices of
the decoder’s final linear layer and the encoder and prior’s learnable word embedding module
(which are the same size by virtue of our network architecture) with the motivation that

language encoders and decoders should share common word representations.

Autoregressive block The autoregressive (AR) block (AR-N in Figure 4.4 (bottom)) in
Bar’s decoder is inspired by PizelCNN [334] which sequentially predicts image pixels along
the two spatial dimensions. In the same fashion, we use an autoregressive approach to
sequentially predict the next sentence (question or answer) in a dialogue. Since our framework
is convolutional, our approach can similarly be adapted from that of [120, |. We first
reshape the intermediate output of the decoder to E x LxM (essentially “unravelling” the

dialogue sequentially into a stack of its word embeddings). We then apply a size-preserving
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masked convolution to the reshaped output (followed by a learnable batch normalisation and
a ReLU activation). We call this triplet an AR layer. The masked convolution of the AR
layer ensures that future rows (i.e. future E-dimensional word embedding) are hidden in the
prediction of the current row/word embedding. We apply N AR layers in this way with each
layer taking in the output of the previous AR layer. Following the AR-N block, a linear layer
projects the final output’s F dimension to the vocabulary size V. We report numbers for

N = {8,10}. We base our AR block on a publicly-available implementation of PizelCNN?3.
4.6.5 Dialogue preprocessing

The word vocabulary is constructed from the VisDial v0.9 |77] training dialogues (not including
the candidate answers). The dialogues are preprocessed as follows: apostrophes are removed,
numbers are converted to their worded equivalents, and all exchanges are made lower-case
and either padded or truncated to a maximum sequence length (L = 64). The vocabulary is
also filtered such that words with a frequency of <5 are removed and replaced with the UNK

token. After pre-processing and filtering, the vocabulary size is V = 9710.
4.6.6 Extended qualitative results

We present additional qualitative results for the A model in Figures 4.7 and 4.8 (1VD task)
and for the BAr10 model (under the block evaluation setting) in Figures 4.9 and 4.10 (2vD
task). Note that for both, different colours indicate generations (é; for A and d for B/BaR)
from different samples of z. In Figures 4.9 and 4.10, whole generated dialogue blocks are
shown with coloured sections indicating subsets exhibiting coherent question-answering and

white sections indicating subsets that are not entirely coherent.

Shttps://github.com/jzbontar/pixelcnn-pytorch

105


https://github.com/jzbontar/pixelcnn-pytorch

FlipDial: A Generative Model for Two-Way Visual Dialogue

Ground-
Question truth
answer
How old is the Maybe three I can’t Looks She is I can’t Yes
girl? Y tell| about six maybe tell
What race is . q q s
N White All Yes White White Caucasian
the girl?
Is she
outside? Yes Yes No Yes Yes Yes
Is her hair
Short Short Short Yes Short Short
long or short?
Blonde
What color is
N Blonde Blonde Blonde Brown Brown
her hair?
Is her hair Ters
curly or . Straight Straight Short Straight Straight
? straight
straight?
. . Clothes, T-shirt X X
What is she Pink shirt, sothes o T-shirt | Shirt and| Jeans like
wearing? white pants Shizt and [ and pants pants a pajamas
: top and pants
Is the teddy
bear in her Yes There No Yes Yes Yes
lap?
What color is
B T, T d
the teddy White Fown Brown an Tan an an
white
bear? : N N N
% A young girl swinging with her
Is it nice It looks It looks
; Yes sunny Yes Yes ©° Yes teddy bear
outside? sunny lovely
Ground-
Question truth
answer
She is
Around I cannot
How old does seven or o1l Looks about I can't I can’t
she look? . about six teenager tell tell
eight | about her
around
Any other No T - - o I don’t
people? see anyone
Secret
Any buildings? No Yes No No Yes
v g can’t tell
It looks
Is it day or like it
N D . . Daytime Da; D Y
night? ay in image yLam Y ay es
is in so
Is it raining? No Yes Yes No No No
Dark
What color Pink and q
colored Whit Whi G, Whit
umbrella? clear - ite e =Y e
color
Is it open or .
Open Yes Open Open Open | It is open
closed? P P P P P
I can’t
Is it sunny? Yes No Yes Yes No
o tell
What color is Brown Brown
her hair? Dark brown Brown Brown Brown
. A young girl holding an
Is it long or I’d sa i
g Long Shemie Srec y Short Ve umbrella on the sidewalk
short? long
Ground-
Question truth
answer
Are there any
animals No animals No No Yes o No
present?
=l o tes :
Boys or girls? Boys Boy Boys 1 Boys Yes
Are there any One adult Yes Yes Yes Yes Yes
adults?
Adult is R
What are they fly‘“g ‘;“e see their she is ey B
doings and boys Playing fage| Watching| spectating playing
are parasols watching
watching
Is it sunny? Yes Yes No 25 Ci:;; Yes Yes
There are
rees? background
Is kite
elortal? Yes o Yes Yes Yes Yes
Is kite in Yes ves Yes No Yes No
air?
are boys ves ves s o ves ves There is a woman playing with a kite with two boys
smiling?

Figure 4.7 Qualitative examples of diverse answer generations from the A model for the 1vD task.
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Ground-
Question truth
answer
Is the man in I can’t| It appears oo ves ves| e is in
a park? tell so
How old is the Thirtys Maybe late . .
Tty Locate v Thirtys Thirty Twentys
man? naybe thirtys
Has the
frisbee left Yes Yes Yes Yes Yes Yes
his hand?
Can you tell
¥ I can’t
what he’s I can't
g No No| tell, is No Yes
throwing it L tell
towards?
It looks At least He has in
What does :
y like he relief a
casually Casually I casually
A just tossed casually skateboard
thrown’ mean?
it shirt
What color is . It is .
the frisbee? White White White Blue e White
; A white . T-shirt
What is the B T-shirt| He looks
N screen T-shirt Shorts [ and shorts
man wearing? . and shorts casual
print tee shorts
Is he wearin I can’t see
. o : No Shorts Yes No Yes
jeans? his pants
Are there
No No
other people No No No No
around?
Do you see any No No No No No No
animals? -
Ground-
Question
answer
Ts it a tall Yes, it goes Yes can’t
wall? underwater tes res tell te
Is there only Yes, just ves - ves o
one polar bear? one
Any people o ves T can’t o o
there? see any
Yes the N
Do you see quite | polar bear Yes can’t
Yes see the No
a lot of water? is see any
ground
underwater
Yes
Can you see the No No Yes Yes
sky?
is this pictuze Yes it is Yes Yes Yes Yes
in color?
Is this 2 1 don’t |Looks like
professional 1 Yes No
N think it is relaxed
picture?
Do you see any WerD
No No Yes no I
-
buildings? buildings
Any trees? No No| There see Yes Yes
zero
Is this a close-
up type of No Yes Yes Yes Yes A polar bear swimming in water near a rock wall
photo?
Ground-
Question truth
answer
How many
children are Many | There are One Three There I
six ten ten
there?
All boys or T can’t Girl and| It appears They are
girls? Both tell Boy each| boy girl s0
How old do N Five looks
they Looks six Five | Ten-twelve Twenty Yes e
Are they
e ey Yes 1 Yes Yes Yes Yes
Is it sunny Maybe Yes es Yes Yes Yes
out?
Are they in a
field? Yes Yes No No Yes No
Are there many
e there Y zero No Yes No Yes No
Is there only
one ball? Yes Yes Yes Yes Yes Yes
Are there Not visible 5B No Yes 8 ere Yes
soccer nets? say
There are
What' i I he I N N N N N
at’s in the Fence Trees see the| ) merous Tot | Small children in red and blue uniforms, kicking a red soccer ball
background? grass| _ IERoCS grass

Figure 4.8 Qualitative examples of diverse answer generations from the A model for the 1vD task—continued.
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How many sheep are rour A vos Can you see any o
there? people?
Is the photo in
2 2
Are you any any water? |No Can you see any? No e Yes
What color are they? Brown Can you see trees? No x:::,ls the fence I is
Any people? No Any people? No Can you see any? No
What are the the? Grazing | |Is it sunny? No How many sheep are T are
there?
What color is the
2
Are there people? No Are it sunny? Yes e 2
Is it sunny? Yes Any people? No Does the grass have? |Yes
Can any animals? No Any people? No Can you see any sky? |No
Can’t
Are any any? No What time the day? o Is the grass green? |Yes
Sheep standing near orange netting in grassy field Is any sunny? Yes Are they eating? Yes Do you see any sky? |No
Is thi
Is the people male? Yes Can you see the ball? |Yes, I S this a Yes
professional game?
. Yes, is
Is the person wearing? |Yes Is the player a? i Any many players are? |One
) Yes,
Can you see any sky? No Is it a a a? 1:s *21|1s the a2 ves
What color is the i Can you see the Yes, is||Can you see the .
uniforms? 1te baseball? is pitcher? ©
What is the the It is
. B
Is there grass in? Yes vearing? wearing || T8 the a in? Yes
H . . .
ow many people are Two How is the the bat? Iis is|[Is it a in the? Yes
there?
Is there any other What color is the .
-
Is it sunny sunny? Yes e Yes e White
¥ Can you see the No, the ||Is there people in
’ A -
- . 33 W y 4 : Can you see any? Yes T o Thes No
ot
. g < c . Can you see
: &i = V Q = What color is the sky? |The o e No Is the pitcher in? Yes
o S Ies il AL IS scoreboard?
SESSEAELSastC Sosaeaiasi doo3 VA
| A baseball player for the Chicago Cubs stands at home plate || |Is it sunny? Yes Can you see the sky?  |No Is it sunny? Yes
Wh, lor h
What color is? White et color is the White | [can you see the? No
fridge?
Is there a fridge? Yes What color is? White | |What appliances? Microwave
Is there any people? No Can you see the sink? |Yes Is the fridge on? Yes
Is it a2 Yes Is there a window? No Is it a2 Yes
Is there a window? No Any people? No Is the fridge have |, g
magnets?
Is there a? No Is there? No G T7om 5 T Colgate
time?
Is there a? Yes How pics the? No Is there a on the?  |No
. What color h )
Is the fridge on? Yes 49 @0 White ©m SEm Gl ched No
walls? time?
Can you see the window? |No Any windows? No Is there a? Yes
An image of a kitchen loft style setting Is it a? Yes How about on? Two Are there any people? |No
) What color are the One is )
Is the photo in color? |Yes uniforms? white What is the the of? |One
Is it a professional ;
2 Yes Are they wearing? Yes Are there see other |Yes
photo?
. 2 Are they people
Are the men wearing or? | Yes Are there a? Yes - Y _peop Yes
uniforms?
. ? Is they wearin
Is any of wearing? Yes s there a Yes ey @ Yes
uniforms?
Are there any people in Is there trees? Yes What color are the
v peop Yes : White
the? uniforms?
Is it sunny? Yes Does the have wearing
How many men? Two N Yes
hair
; . Yes
Are the men wearing Are the wearing they What color the
i 1F 2 p= wearing? ing? A
wearing uniforms? does wearing?
Are there see other
5 No Are they wearing s Can you see any ball? |No
people? cleats?
What color are the ) Can you see any
: Whit 2 No
- uniforms? e Are there a fence? Yes coaches?
Two guys playing baseball,
with i
trees in the back Do the have the the? Yes Can you see the? No Do you see the color? |Yes

Figure 4.9 Extended qualitative examples of diverse two-way dialogue generations from
evaluation) for the 2vD task.
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Is the pict i How man eople are What color is the .
RS Yes 7 pee Two White
color? there? man’s?
Is the photo in? Yes What are they? I What is the man man? I
What color is the . Can you see the .
5 White el Yes How old is the man? I
frisbee? frisbee?
What color of the
Can there? No Blue Can you see any ball? |Yes
frisbee?
q Is there any other
Is the grass visible? Yes Is there people? Yes Y No
people?
Is the sunny? Yes Is it sunny? Yes Does the man have a? No
q s Is the man wearing a
Is it sunny? Yes What color is the? 1 - 9 No
Is there other people? No Is there sunny? eS| Does he man have a? No
What color is the . How man eople are Ar her n
. White w Y peop I 9 B EED £l No
frisbee? there? other people?
Man and a boy playing
ball in the grass Is the man green? Yes Is they having fun? Yes Can you see any sky? |No
= | |1s it big? Yes Are there only one? Yes What kind of dog It looks
= s - is it? like a mutt
I
How is of the is? 1 What kind of dog is it? |}, ° Does he have a
Yes
collar?
Can you see the breed? |No Does it look like be? |It, it |[can you see what
breed? o
Is there any people in
Are there any people? No e No Is it people boat |
the the boat?
Is the dog on? No What time of day is it? |1° I
light Is there oars? No
Can you tell the breed |, What color is the boat? |White | |[How the boat the
of it? I
the?
What is the color? It is How it is like is? I is Is it sunny? Yes
Any there see the .
driver? No Is it a or or? It Is How many barges? No
Is it a Harley? Yes What is of day is? It is 2ny people? No
A dog sitting on the inside of a white boat Any other? No What color is the boat? | It Any? No
7| 5 . . .
# What color is the man? White Is this a color photo? Yes What is the color? Is
q q 3 What color is the
What color is his hair? [Black . It Is the player? Yes
tennis?
q . Are there any other .
How old is he? Thirtys q Y No Is it a? Yes
people in the?
Is he have other? Yes Can you see any tennis? |No Is it outdoors? Yes
. Can you see any people
2 ?
Is it sunny? Yes in the? No Is there people? No
Can you see any? Yes What time of day is it? |It Is he playing? Yes
. Is the appear like be .
Is it court? Yes be? It Is it a? Yes
Ts it sunny? v Are there any other in No Is it a2 v
e s the the? St s
Is it sunny? Yes Can you see the time? No Can you see the net? |[No
A person is holding a ball
and tennis racket Can you see sky? No Can you see the season? |No Is it man? Yes

Figure 4.10 Extended qualitative examples of diverse two-way dialogue generations from the BAgr10 model (block
evaluation) for the 2vp task—continued.
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Abstract

Visual Dialogue (vD)—the task of answering a sequence of questions relating to a visual input—
involves subjective human judgements and presents a challenge to evaluate. VisDial [77], a
widely used dataset, evaluates performance based on an answer-ranking task with a trained
model. In exploring some of the implicit correlations in the dataset, we observe that an
extremely simple baseline model employing canonical correlation analysis (CCA) between
given questions and answers, manages to perform comparably to state-of-the-art models on
mean rank (MR). An analysis of this result leads to insights about the evaluation protocol for
VisDial, revealing several issues, most crucially the limitations imposed by rank-based metrics.
To address these issues, we present a suite of alternate evaluations taking inspiration from the
NLP literature, which we posit are better suited to the nature of the vD task, by capturing
consensus between a generated answer and a set of relevant answers. To extract relevant
answer sets, we propose a semi-supervised method based on correlation, which allows us to
automatically extend and scale sparse human annotations to the entire dataset, for use in
evaluation and further model development. We intend this alternate paradigm as a next-best
solution in the face of constraints on the dataset and its experimental design choices, and
hope that the community adopts these evaluations going forward.

Under review!

LA precursor to this work was published as a NeurIPS workshop paper [217].



On the Evaluation of Visual Dialogue

5.1 Introduction

Recent years have seen a great deal of interest in autonomous conversational agents with
the goal of facilitating natural language interaction between humans and machines. Early
pioneering efforts of this include ELIZA [351] and SHRDLU [360]. This resurgence of interest
builds on the ubiquitous successes of neural network-based approaches in the last decade,

particularly in the perceptual domains of vision and language.

A particularly thriving sub-area of interest in this domain is that of visually-grounded
dialogue, termed visual dialogue (VD), in which an agent converses with a human about visual
content [77, 78, |. Specifically, VD involves answering questions about an image, given
some dialogue history—a fragment of previous questions and answers. As is standard practice
in machine learning, learning VD involves defining an objective to achieve, procuring data

with which to learn, and establishing a measure of success at the stated objective.

The objective for VD is reasonably clear at first glance—answer in sequence, a set of questions
about an image. The primary choice of dataset, VisDial 77|, addresses precisely this criterion,
involving a large set of images, each with a dialogue—a set of question-answer pairs—collected
by pairs of human annotators playing a game to understand the images. And finally, the
evaluation measures used judge how well the specified objective is being achieved, generally

assess the ability to match a human-derived “ground-truth” answer.

However, quirks in the choices of the above factors can lead to algorithms with unintended
behaviour [3, 18, 217] (Figure 5.1) due to implicit biases in data and evaluations. These quirks
may conspire against one another—a poorly defined evaluation metric can mask underlying

biases in the data, and an ill-formed objective may in turn make faithful evaluation difficult.

To determine the extent to which these quirks exist in the VisDial dataset, we establish a
simple baseline which applies canonical correlation analysis (CCA) between the questions
and answers alone, to perform the traditional answer-ranking evaluation called for by the
dataset. Intriguingly, we find that this simple cCcA-based approach is comparable in mean
rank (MR)—one of the dataset’s primary metrics—to state-of-the-art (SOTA) approaches all

of which employ complex neural network architectures, complicated training schemes over
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millions of parameters, and many hours of time and expensive GPU resources. In comparison,
CCA uses standard off-the-shelf feature extractors, avoids computing gradients, involves few
parameters and requires just a few seconds on cPu—all without the image or dialogue! This
surprising finding suggests that, within the current formulation, there is a mismatch between
the vD task and the evaluation employed by the VisDial dataset in measuring the ability to

faithfully answer a given question.

Caption: A man and a woman sit on the street in
front of a large mural painting.

Question Answer

How old is the baby? About 2 years old
What color is the remote? White
Where is the train? On the road
How many cows are there? Three

Figure 5.1 Failures in visual dialogue.

Visually-unrelated questions, and their visually-unrelated plausible answers?

Motivated by this, we explore the factors giving rise to this behaviour, and in particular
address limitations imposed by single-candidate answer ranking schemes that are currently
the primary evaluation paradigms of the dataset. Here, for a given question, the model
scores a corresponding set of 100 candidate answers, and the position, or rank, of the labelled
“ground-truth” answer in the sorted set is observed. Specifically, we show that within each
set of candidates there exists an essential answer equivalence class—any one of which would
feasibly answer the given question. Rank-based metrics therefore lose meaning when computed

within this set, having knock-on effects for model comparison and performance quantification.

A recent update to VisDial introduces relevance scores for answers within the candidate sets,

obtained from human annotators. While a step in the right direction, only a fraction of the

2From online demos of s0TA models—VisDial [77] and FlipDial [219]
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dataset is annotated with such scores, a function of the cost of such an exercise at scale, and

the difficulties with extracting consistent human judgements on natural language expressions.

To address these issues, we propose changes to how the VisDial dataset is evaluated. We
adopt community-accepted automatic metrics with roots in the natural language processing
(NLP) literature to quantify the consensus between an answer generated by a model and a
reference set of relevant answers given the image and question. This more closely aligns with
the vQA [24] evaluation set-up in which the predicted answer is compared to a set of answers
provided by multiple human annotators. Since reference answer sets are only available for
a fraction of the VisDial dataset, we propose a semi-supervised approach to automatically
extract groups of relevant answers from candidate sets, using CCA applied to the questions
and answers. We then apply a simple heuristic on the correlations between the ground-truth
answer and other answers in the candidate set, to construct a cluster of relevant answers, thus

expanding reference sets to the rest of the VisDial dataset.

We consider this alternate evaluation suite to be a solution for improved evaluation on the
VisDial dataset, as far as the experimental design under which the data was collected allows.
Going forwards, evaluation metrics should look beyond syntactic-based matching schemes,
and toward metrics where performance on a downstream task, necessitating use of language,
is measured [31, 78, 80, ]. More generally, however, we acknowledge that the evaluation of
language is an open research challenge, and we recognise that all efforts, including this work,

are with the intention to move the field forwards.
To summarise, our contributions are:

1. An alternate evaluation suite for VisDial drawing on existing metrics from NLP to
measure the consensus between a generated answer and a reference set of answers.

2. A semi-supervised method for automatically extracting reference sets of answers from
given candidate sets for questions and images which are as high quality as those provided
by human annotators.

3. A subsequent expansion of the VisDial dataset, including reference set annotations,

which we will release as a baseline for future evaluation and model development.
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5.2 Preliminaries

5.2.1 Canonical Correlation Analysis (CCA)

We begin with the preliminaries for cca [135] and its multi-view extension [169]. Given paired
observations {x; € R™,xy € R}, (2-view) CCA jointly learns projections Wy € R™** and

Wo € R™2*F k< min(ny, ng), which are maximally correlated.

Multi-view CCA, a generalisation of two-view CCA, extends the above formulation to associated
data across m domains, learning projections W; € R™*k 4 =1,... m. Kettenring [169] shows
one formulation (among several) which minimises the Frobenius norm between each pair of
views, with constraints over the projection matrices themselves [124]. Optimising multi-view
CCA then reduces to solving a generalised eigenvalue decomposition, Av = ABv [32], where A

and B are derived from the inter- and intra-view correlation matrices (see Section 5.7.1).

The top k (eigenvalue-sorted) eigenvectors are chosen, and for the i view, their i sub-
components are column-wise stacked to construct the projection matrix W; € R™**¥_ This
matrix is then used to embed a sample x; from view i as ¢(x;; W;) = DgWiTxi, where D) is
a diagonal matrix of the top k (sorted) eigenvalues A, and p is a scalar controlling the extent

of weighting—reducing to the typical case at p = 03.

With this formulation, a variety of tasks can be tackled at test time—ranking and retrieval
across all possible combinations of multiple views—simply by computing correlation between
projections of any pair of inputs {x;,x;}:

b(xi) "h(x;)

corr(f(x;), p(x;5)) = oG, 196, (5.2.1)

where 1(+) is a mean-centred (over train set projections) version of projection ¢(-).

5.2.2 Visual Dialogue

The visual dialogue (VD) task involves answering a sequence of visually-grounded questions.

Given image I and dialogue history [(Q1, A1), (Q2, A2), ..., Q;], the goal is to produce A4;.

3p > 0 has been shown to give better performance sometimes [109)].
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The most prominent push towards this goal has been facilitated by the VisDial dataset [77], a
large corpus of images paired with question-answer dialogues, sequentially collected by pairs of
annotators in an interactive game on Amazon Mechanical Turk (AMT). VisDial v1.0 comprises
123, 287/2064/8000 train/val/test images, each paired with dialogues of up to 10 exchanges*.
Each question is coupled with a candidate set of 100 answers A including a ground-truth
answer Ag¢ € A, and human-annotated relevance scores p(A) € [0, 1] where A € A, for a subset

of the data where one question per image is annotated (2000/2064/8000 images respectively).

The vD task is formulated by coupling each (I,Q, A) triplet with the candidate answers A.
Two learning paradigms arise from this formulation [77]. In the first, termed the discriminative
setting, the model has access to (I,@Q, A) at train time, hence framing the predictive task as
a classification problem of selecting Ag¢ out of A. In the second setting, candidate answers
are not provided. Instead, the model is given only (I, @, Agt) during training, and must learn
to generate an answer conditioned on an image-question pair. This is termed the generative

setting, and is the setting of primary interest here.

At test time, for an image-question pair, the model scores its associated candidate answers.
The rank of Ay and a normalised discounted cumulative gain (NDCG) on the candidate
answers’ human-annotated relevance scores is then used to judge the model’s effectiveness at
the vD task. A model targeting the discriminative paradigm scores candidates directly by the
classifier’s softmax probabilities, while a model targeting the generative paradigm scores each

candidate under its learned likelihood.

5.3 ccA for Visual Dialogue

CCA is chosen as our diagnostic model for VD for two principal reasons: i) it explicitly
targets correlations, which is ideally suited to probing the relationship between questions
and answers (and images) for the VD task, and ii) as stated in Section 5.2.1, computing CCA
is extremely simple, involving a single eigendecomposition, and avoiding complex networks,
gradient computation, and large GPU resources and time. A stark representation of the latter

is shown in Table 5.1 for our application of CCA (on CPU) between just questions and answers.

410 exchanges for train /val, and < 10 exchanges for test.
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Table 5.1 cca vs. sOTA computation comparison.

Model Number of Parameters Train time (s)
HCIAE-G-DIS [206] 2.12 x 107 —
HREA-QIH-G [77] 2.42 x 107 1.2 x 10°
FlipDial [219] 1.70 x 107 2.0 x 10°
cca A-Q 1.80 x 10° 2.0

Factor (=) 90 10°

We first transform the images I, questions @), and answers A into lower-dimensional fixed-
length feature vectors using pre-trained feature extractors, as is commonly done |77, , I,
and use CCA to learn joint embeddings for different subsets of questions, answers, and images.
We learn joint embeddings for two settings: A-Q between answers and questions, using
two-view CCA, and A-QI between answers, questions, and images, using three-view CCA. The
first explores the (lack of) utility of the image in performing the vD task, and the second serves
as a useful indicator of how unique any question-image pairing is. Improved performance of
A-QI relative to A-Q would indicate that the image does contextualise correlations between
questions and answers, with the converse indicating otherwise. Note that in both cases,
dialogue history is ignored and the answer is ever-present in service of the vD task. We
include a further ablation NCCA A-Q (no-CCA), by computing correlation, as centred cosine
distance, directly between the features for questions and answers. As these models do not
include a traditional likelihood to score candidates with, as in current SOTA models [77, ],
we score using correlation between the question and answer embeddings using Eq. 5.2.1, a

schematic of which is shown in Figure 5.2.
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Figure 5.2 Experimental set-up for vb on VisDial: cca is used to learn a joint embedding between train questions
and answers (and images), with k¥ = 300,p = 1 chosen through a simple grid search.
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5.3.1 Experimental details

Feature extractors For the images, we employ pre-trained ResNet34 |132], extracting a
512-dimensional feature—the output of the avg pool layer after convs. For the questions and
answers, we employ FastText [15] to extract 300-dimensional embeddings for the words. To
obtain (300-dimensional) sentence representations, we average word embeddings, following
generally received intuition [30, 358], with suitable padding or truncation (up to 16 words).
Our choice of feature extractors is largely arbitrary, however, to rule out gains from one
feature extractor over another, and to compare against SOTA models [77, , | which
use others, we also employ VGG-16/19 [305] (4096-dimensional, extracted after the second
fc-4096 layer) and GloVe [264] (300-dimensional, from Common Crawl-42B tokens) features

for the images and questions/answers, respectively.

SOTA models We compare results against SOTA models |77, , |. For each, we select
their top-performing model variant under the generative setting (see Section 5.2.2), train the
models on VisDial v1.0 train set, cross-validate on mean reciprocal rank (MRR), and select

the best for evaluation.

5.3.2 Experimental analysis

Table 5.2 shows the results of running cCA with different pre-trained feature extractors on
VisDial (v1.0), comparing against SOTA models. Note that for A-QI (Q) at test time, correlation
is computed between questions and candidate answers A using projection matrices learned
using images (I) as well. An indicative selection of results are shown here, with extended

results on the older VisDial (v0.9) dataset and ablative baselines shown in Section 5.7.2.

Surprisingly, we observe that ccA A-Q, which is a simple, lightweight model that completely
ignores the image and dialogue sequence, performs favourably in mean rank (MR) with current
SOTA models (16.60 MR), all of which require at least an order of magnitude more learnable
parameters and many hours on GPU (versus CCA’s seconds on CPU) to train (Table 5.1). This
supports the impression, from Figure 5.1, that there exist implicit correlations between just
the questions and answers in the data, rendering it possible to perform visual dialogue without

heed to either the visual or the sequential dialogue aspects.
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Table 5.2 Results of cca vs. soTa on the VisDial v1.0 dataset. cca achieves comparable performance in mean rank
(MR) while ignoring both image and dialogue sequence.

Model 1/QA features MR R@1 R@5 R@10 MRR NDCG

. HOIAE-G-DIS (00.9) [206] VGG-19/learned  14.23 44.35 65.28 71.55 0.5467 N/A

S CoAtt-GAN (v0.9) [361] VGG-16/learned 14.43 46.10 65.69 71.74 0.5578 N/A

@ HREA-QIH-G [77] ? 19.15 34.73 56.55 63.18 0.4555 0.5189

AQ GloVe 16.60 16.10 39.38 54.68 0.2824 0.3504

FastText 17.07 16.18 40.18 55.35 0.2845 0.3493

< NCCA A-Q FastText 55.12 5.53 11.89 16.35 0.1015 0.1760
O

© ResNet34/FastText 19.25 12.63 32.88 48.68 0.2379 0.3077

A-QI (Q) VGG-16/GloVe 19.11 13.53 32.43 47.13 0.2415 0.3071

VGG-19/GloVe 19.29 13.38 32.73 47.23 0.2415 0.3000

However, while CCA’s performance is comparable on the MR of the ground-truth answer Agt,
it does not appear to do as well on other related metrics such as mean reciprocal rank (MRR)
and recall at the top 1, 5, and 10 answers, which measures how often the ground-truth answer
has rank within 1, 5, and 10 respectively. To understand this disparity across metrics, we
performed a simple qualitative analysis, actively anti-cherry-picking results where the cca
model gave Agy a poor rank. For such examples, we wished to see how qualitatively good
the top-ranked answers actually were. A selection of these results is shown in Figure 5.3,
which surprisingly show that even though the rank for Ag; is poor, the top ranked answers
are perfectly feasible answers to the given question with regard to the intended image. We
observed that this is in fact a consistent pattern across our results, where the top-ranked
answers through CcCA were indeed feasible answers to the given question, if not actually

matching the intended ground-truth answer Ag;.

Q: What colour is the bear? Q: Can you see any passengers?
2 @) Floral white (Agt) 2 @ Not really  (Agt)
z (» White and brown f; @® No
£ (® Brown and white £ @ Zero
é@ (® Brown, black & white E ® No I cannot
Q: Does she have long hair? Q: Are there people not on bus?
é’,:) @ No . (‘Agt) . 5 @ Few  (Ag)
- (@ No, it is short hair - (® No people
£ (@ Short £ (@ No, there are no people around
5 ® No it’s short 5 ® I don’t see any people

Figure 5.3 Qualitative results for the A-Q model showing the top 3 ranked answers for questions where the ground-
truth answer is given a low rank—showing them to be perfectly feasible.
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Q: Are they adult giraffe? Q: Any candles on cake?
@) Yes @) Just a large “number one”
2 (® Yes the giraffe seems to be an adult Z (D There are no candles on the cake
~ @ It seems to be an adult, yes < @ Tactually do not see any candles on the cake
% (® The giraffe is probably an adult, it looks big % ® No, no candles
£ @ Young adult £ @ No candles
Q: Are there other animals? Q: Is the cake cut?
6 No ¢ No, but the boy has sure had his hands in it!
& () No, there are no other animals 2 (D No it’s not cut
2 (@ No other animals < @ No the cake has not been cut
% (® There are no other animals around % (® Nothing is cut
& @ Don’t see any animals & @ No, the cake is whole

Figure 5.4 Example answers generated by cca-AQ-G using the nearest-neighbours approach.

While these results indicate that CCA is able to select relevant answers from the candidate
set A, there still remains the question of CCA’s general utility to serve the generative setting
(see Section 5.2.2) of the vD task. To explore this ability, we adopt a nearest-neighbour
approach based on CcCA-derived correlations to “generate” answers. For a given test question,
we select the 100 closest questions across the entire train set using correlations computed
with the A-Q model. Using their 100 corresponding ground-truth answers, we construct a
pseudo-candidate set that we then order based on correlation to the test question. We then
“generate” answers by sampling from this set in proportion to the correlation, denoting the
model CCA-AQ-G. Results in Figure 5.4, indicating the top 4 answers with highest correlation,

suggest that CCA can leverage the correlations quite well.

Taken together, the quality of results indicated through Figures 5.3 and 5.4, and the disparity
to SOTA models on non-MR metrics seem to indicate a mismatch between the task of vD and
the evaluations actually being employed. We follow this line of reasoning further, prompting
an exploration into the factors unsuspectingly affecting VisDial’s evaluation, from which
we make the case that to better capture a model’s ability to answer a visually-grounded

question—the very goal of vD—mnecessitates changes to the evaluation.
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5.4 Analysing VisDial evaluations

A particular observation from our analysis above is that there are many ways to satisfactorily
answer a given question, even within the selection of 100 candidate answers. Indeed, by
construction, the candidate sets contain multiple plausible answers including up to 50 nearest
neighbours to Ag¢ in GloVe [264] space. With this in mind, the standard evaluations which
focus on the rank of a single, privileged, ground-truth answer would appear to be unnecessarily
constrictive as far as targeting the actual task of vD. This contrasts established practice in the
VQA literature [24] which evaluates by comparing the predicted answer to answers collected

from 10 human annotators for a single question.

While the effect of this constraint is obvious in the case of MR and recall (R@1,5,10), it is a
little more subtle in the case of MRR. MRR, being the inverse harmonic mean of ground-truth
answer ranks, by extension of the properties of the harmonic mean weighs instances with
better rank (closer to 1) more than those with worse rank (further from 1)—a bias that is not
necessarily well motivated given the underlying task, and the observations above. It is indeed
instructive that these metrics have ubiquitously been used to evaluate performance on the

VisDial dataset since its inception.

Single-candidate ranking The key limitation of single-candidate based ranking metrics
is that they are insufficient to deal with a task as complex as VD, and are unable to rule out
poor models. In other words, models with poor MRR or recall aren’t necessarily poor at vD.
Even MR is only weakly indicative of performance as the following heuristic demonstrates:
using the A-Q model, we first compute correlation within a candidate answer set between Agt
and A € A\ Ay, giving C = (¢(Agt, A1), - -, (Agt, A100)). We then select the subset of
answers with correlations in [Cmax — 0, Cmax), Where Cmax = max(C), o = stdev(C), roughly
estimating answers which are plausibly similar to Ag. Statistics are then computed to
measure how small and tightly packed these clusters are—the mean and standard deviation of
the correlations within the cluster as well as cluster size. We average these across all candidate
sets, giving an average mean correlation of 0.58, an average standard deviation of 0.22, and an
average cluster size of 12.30. This indicates an equivalence class of plausible answers, within

which ordering in terms of rank can be meaningless with regard to the vD task.
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Multi-candidate ranking & NDcG To ameliorate issues with the single-candidate ranking,
the updated VisDial v1.0 dataset tasked 4-5 human annotators with labelling whether
each answer in a candidate set answers a given image-question pair (as a hard 0/1 choice).
For each candidate answer A, average judgement across annotators becomes a relevance
score p(A) € [0,1]. With these scores, a modified evaluation metric is introduced, the
normalised discounted cumulative gain (NDCG), which weighs predicted rankings by the scores,
excluding irrelevant answers (p(A) = 0). Further details on NDCG are given in Section 5.7.3.
While undoubtedly a step in the right direction, reliance on NDCG-weighted ranks can still be

fraught with difficulty, although to a lesser degree than the MR, MRR, and recall.

Two aspects in particular can be troublesome: i) the sheer scale of the VisDial dataset
makes eliciting reliable human judgements a daunting task—reflected in the fact that only
a small fraction of the data, one question per image, actually has such judgements (see
Section 5.3.1), and ii) the conversion of binary wvalidity judgements into relevance scores over
a small handful (4-5) of annotators can lead to quirks—especially for perceptual judgements
on natural language expressions. For the first, having annotations for just a single question
per image itself ignores the notion of dialogue sequence. And the second leads to quirks such
as 18.15%/47.14% of the validation/train annotated subsets do not have a single candidate
answer with relevance score 1.0, not even the ground-truth, indicating relatively poor consensus
across annotators. Moreover, 20.69% / 9.01% of samples, respectively, do not assign a relevance

score to the ground-truth answer at all (p(Ag) = 0).

Generating answers A more nuanced issue with current evaluation methods, however, lies
in ranking the answers of a candidate set. The ultimate task of VD is to provide an answer to
a given question, not to pick an answer from a set. This is why we are primarily interested in
the generative setting of the vD task, as stated in Section 5.2.2. While it is expected that
the likelihood of a valid answer is a reasonable measure of a model’s ability to generate a
good answer, this may not necessarily be the case when there are multiple potential answers,
some not even in the candidate set. It is possible that the likelihood serves well as a relative
measure between candidates, but the highest-probability answers are entirely different or
unrelated—indicating a poorly learnt model. This supports the idea that a better metric

should instead directly evaluate an answer generated from the model.
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5.5 An alternate evaluation for the VisDial dataset

The analysis in Section 5.4 indicates that an evaluation that is well matched to the underlying

goals of VD should:

i) use more than just a single valid answer as reference,
ii) directly use generated answers from the model, and

iii) do the above at scale over the entire dataset.

In the following, we propose an alternate suite of evaluations which attempts to cover the

above desiderata for the VisDial dataset and for the task of vD.

Multiple reference answers Based on the discussion in Section 5.4 on multiple-candidate
ranking and NDCG, using human judgements of answer validity is a step in the right direction.
Here, we propose employing validity directly to construct reference sets. That is, for a given
question, any candidate answer chosen by a annotator to be valid automatically qualifies as a
reference answer, thus defining the human reference set as H = {A : p(A) > 0,VA € A}U{A,}.

We union with Ag to protect against cases where p(Agt) = 0.

Evaluating generations Armed with this reference set, we turn to established metrics
from the NLP literature to measure consensus between a generated answer and a reference set
of valid answers. Crucially, such consensus-driven metrics require a reference set with more
than one element; the more, the better. Here, we explore two classes of metric for capturing

consensus, based on overlap and embedding distances.

Overlap-based metrics compute overlap or co-occurrence of n-grams (word couplets of size n)
between pairs of sentences—here, the generated answer and h € H. We explore the use
of three such metrics: CIDER [338], BLEU [255], and METEOR [l86]—all, particularly
CIDER, known to be well correlated with human judgements. CIDER computes the
cosine similarity between a pair of vectors, each of which is composed of the term-
frequency inverse-document-frequencies (tf-idf) of the sentence’s n-grams. For 0 < n <1,

similarities are averaged over all n-grams up to length . BLEU and METEOR are similar,
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but are computed on the raw term-frequencies, favouring precision and recall respectively.
For METEOR, a uni-gram matching function precedes the overlap computation.
Embedding distance-based metrics arise from a rich literature in capturing semantic simil-
arity between natural language expressions [15, 81, , , |. They guard against
limitations of overlap-based metrics regarding short (one- or two-word) sentences, which
are frequency in VD and VQA data. The recent successes of BERT [31]| and FastText [15]
on a host of downstream NLP tasks including question-answering and semantic similarity,
make them apposite choices. The Ly or cosine similarity (CS) between sentences in

embedding space is typically computed.

Table 5.3 shows overlap and embedding-distance scores for models trained on the full training
set of VisDial v1.0, and evaluated on the validation subset for which human-annotated
relevance scores are available (denoted H,) averaged over answers in reference sets H. For
each model, scores are additionally averaged over their top 10 generations—with the HREA-
QIH-G* model employing a beam search to generate answers [77]. We evaluate on the validation

set since human-annotated relevance scores are not publicly available for the test set.

We further define a reference baseline for the overlap metrics, estimating upper bounds for
the respective scores as I'gy, which iteratively scores answers in H against H itself, taking
the maximum over the resulting scores. We do not compute the reference baseline for the
embedding distance metrics since lower bounds on average Lo distance, and upper bounds on
average cosine similarity are hard to define on arbitrarily scaled continuous embedding spaces

such as those of BERT and FastText.

Table 5.3 Overlap and embedding distance metrics on the human-annotated validation set #H., averaged over the top

10 generated answers for each model, against H. For HREA-QIH-G, on average ~6 answers are the empty string, which

are excluded from the computation. Metrics marked 1 indicate higher values are better, and those marked | indicate
lower values are better.

Model CIDERT BLEUT METEORT BERT FASTTEXT
n=1 n=2 n=3 n=4 n=1 n=2 n=3 n=4 Lyl CST Lyl CSt
Ty 0.1915 0.1437 0.1165 0.0962 1.0000 0.7633 0.5974 0.3371 1.0000

CCA-QA-G 0.0708 0.0420 0.0291 0.0221 0.4156 0.1539 0.0516 0.0149 0.2721 7.0301 0.8702 2.8850 0.4889
HREA-QIH-G  0.0558 0.0303 0.0206 0.0156 0.3919 0.0648 0.0169 0.0039 0.2958 6.6661 0.8796  2.9599 0.4907
HREA-QIH-G* 0.0937 0.0600 0.0438 0.0337  0.5825 0.2739 0.1423 0.0461 0.4310 6.0202 0.9031  2.8534 0.5117
HCIAE-G-DIS 0.1053 0.0570 0.0390 0.0294 0.6352 0.1031 0.0443 0.0108 0.5449 5.4297 0.9120 2.3339 0.6067
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The results highlight an interesting aspect of the proposed alternative evaluations: different
models appear to be doing well on the two classes of metrics. While the CCA model serves as
a useful blind baseline on both sets of metrics, HCIAE-G-DIS typically performs better on the
embedding distance metrics, whereas HREA-QIH-G performs better on the overlap metrics.
This difference, we believe, suggests that the different models are better suited to different
downstream tasks—with models that performs better on the overlap metrics being potentially
better suited for human-interactive use, and models that do better on the embedding distance
metrics potentially better suited to further downstream NLP tasks such as sentiment analysis
or summarisation. Indeed, this is the sort of flexibility of purpose we would expect when

dealing with evaluations for complex multi-modal tasks such as visual dialogue.

Scaling-up through weak supervision While the results of Table 5.3 support the utility
of our alternative evaluations, they were derived from a small-scale experiment. Extending
the paradigm to the whole dataset is problematic since human annotations of relevance are
only available for a fraction of the data—Iless than 1% of the questions in the dataset. In
general, given the scale of the VisDial dataset, eliciting human judgements for all the data
is a challenge—there are order 10% questions, each with 100 candidate answers! In order to
acquire valid reference sets at scale, circumventing the cost and idiosyncrasies associated with
humans, we propose a semi-supervised approach that harnesses the annotations we do have,

to derive an automated method to construct the reference sets from given candidate sets.

We learn a cCA model between questions and answers in the relevance-annotated subset H;
of the full train set, pairing each question with all answers where p(A) > 0. With this
model, denoted cca A-Q, we compute the correlation within a candidate set between Agt
and A € A\ Ag, giving C = (¢(Agt, A1), ..., 9(Agt, A100)) similar to Section 5.4. We then

evaluate 3 approaches to constructing a reference set C' of answers similar to Ag¢, using C:

Simple: ¥ = {A: ¢(Agt, A) € [Crmax — 7, Cimax) } U{Agt }, where Cipax = max(C), o = stdev(C).

Meanshift: choosing the best-ranked cluster M’ after running meanshift [70] on C to de-
rive M = M’ U {Ag}.

Agglomerative: choosing the best-ranked cluster G’ after running agglomerative clustering

on C, with number of clusters set to 5, to derive G = G’ U {Ag}.
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Table 5.4 shows estimated intersection-over-union (10U), precision, recall, and set size for the
different methods C on the corresponding validation set H,, against the human-annotated
reference set H. We select one with both the best precision, i.e., one that selects answers that
are maximally in the reference set H, and the smallest cluster size |C|, i.e., one that likely
excludes irrelevant answers, giving us C' = 3. A detailed and thorough evaluation of these
approaches, including tests over hyper-parameters, is provided in Section 5.7.5.

Table 5.4 Evaluation of alternate methods for automated reference set construction on the human-annotated validation
set H,, against H. Values in parentheses denote standard deviation across the set.

|[HNC| |[HNC| |[HNC|
C [H0C] ] T C]

Y 2413 (16.73) 62.48 (31.24) 32.91 (23.52) 7.17 (6.94)
M 2501 (18.40) 59.19 (31.55) 39.35 (28.86) 12.00 (16.07)
G (n=5) 25.59 (17.69) 59.20 (30.71) 35.74 (24.47) 7.91 (6.18)

The overlap of the constructed reference sets C' = ¥ and human-annotated reference sets H
supports the observation that our semi-supervised method is capable of extracting clusters of
similar answers. We additionally validate the constructed sets by testing their utility, relative
to H, in improving performance on the vD task—if the clusters are meaningful and contain
answers similar to the correct answer, then a model trained on these clusters should show
improved answering performance. Short of turning to human evaluators to manually validate
the constructed sets, which would be both cost- and time-intensive, we employ this as an

automatic test of the feasibility of the sets relative to the original ground-truth answers.

As a baseline, we first pair questions in the #; subset with each of the answers from their
human-annotated reference set H, and train a CCA A-Q model. We then repeat the experiment,
but this time pairing the questions with answers from the automatically computed reference
set X instead of H. As shown in the top two rows of Table 5.5, the model trained using X
performs better than that employing the human-annotated reference sets H across the battery
of metrics, including NDCG. As a further sanity check against potential quirks with using the
subset H;, we train a CCA model on that subset, but only between questions and their single
ground-truth answers Ag¢ (as opposed to all answers in H or ¥). As we address in Section 5.4,
the single-candidate ranking metrics actually show that this model outperforms the baseline
using H as the reference, but, as expected, NDCG paints a better picture, showing reduced

performance.
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Finally, having compared the utility of automated reference set construction against human
annotations, we conduct an experiment across the whole dataset, learning a CCA model
between questions and answers in reference set X, over the entire training data of VisDial
(v1.0). The last two rows of Table 5.5 compare this model against the standard cca Q-A
model (Table 5.2) trained on questions and ground-truth answers. We observe a substantial
improvement in NDCG, with what is effectively a simple data augmentation procedure, using ..
These experiments suggest that the automated reference set construction is indeed fit for
purpose, being well-matched to human judgements of answer validity in the candidate sets.

Table 5.5 Evaluation of the utility of automated reference set construction X on the standard vp evaluation. Models
were trained using cca on the indicated subsets (H¢ or all) of VisDial (v1.0), using answers drawn from different sets

(‘Ref’), and tested on the evaluation test server to compute standard metrics. Arrows indicate which direction is better.
. Tmin R MR R@l R@5 RGI0 MRR NDCG
Set #QA pairs \: T T i T T
15,317 H 26.49 6.05 21.50 35.53 0.1550 0.3647
Hi 17,065 X 20.36 8.35 32.88 48.78 0.2066 0.3715
1996 {Ag} 23.71 13.13 34.05 46.90 0.2428 0.2734
10,419,489 X% 17.20 10.73 34.20 51.80 0.2312 0.4023

all 1,232,870 {Ag} 17.07 16.18 40.18 55.35 0.2845 0(.3493

Putting it all together Having validated the method to construct reference sets, we now
take the final step of evaluating both ccA and SOTA models on the complete VisDial (v1.0)
dataset. Table 5.6 shows the overlap and embedding distance scores for models trained on
the whole training set, and evaluated on the whole validation set, averaged over answers in
the automatically constructed reference sets Y. As with Table 5.3, for each of the models,
scores are additionally averaged over the top 10 generations, with HREA-QIH-G* employing
a beam-search to generate answers. Again, we evaluate only on the validation set since
ground-truth answers are not publicly available for the test set—something we require in order
to construct the reference sets >. Note that the reference baseline for this experiment I'sy; is

different to that in Table 5.3 since the reference set is different: ¥ instead of H.

As with Table 5.3, albeit at a much larger scale, the results here follow a similar pattern
appearing to indicate that model preference ought to be contextualised by what that model is
to be employed for. A particularly interesting observation is the performance of HCIAE-G-DIS

on the overlap metrics for n=1—interesting due the fact that a sizeable proportion of answers
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in the data do consist of one word answers (primarily “Yes”/“No” answers), which the model
appears to be well-tuned to. Separation of evaluation across different n-gram lengths allows
us to tease apart such characteristics, potentially providing further insight into models.

Table 5.6 Overlap and embedding distance metrics on the entire validation set, averaged over the top 10 generated
answers for each model, against C = 3. For HREA-QIH-G, on average ~6 answers are the empty string, which are

excluded from the computation. Metrics marked 1 indicate higher values are better, and those marked | indicate lower
values are better.

Model CIDERT BLEUT METEORT BERT FASTTEXT
n=1 n=2 n=3 n=4 n=1 n=2 n=3 n=4 Lyl CSt Lyl CSt
Ty 0.3454 0.2734 0.2320 0.1957 1.0000 0.7586 0.6371 0.3816 1.0000

CCA-QA-G 0.0825 0.0489 0.0342 0.0259 0.3280 0.1041 0.0370 0.0074 0.2255 7.0290 0.8704 2.8408 0.5150
HREA-QIH-G  0.0254 0.0136 0.0092 0.0069 0.3134 0.0432 0.0099 0.0017 0.2387 6.7067 0.8778  2.8971 0.5046
HREA-QIH-G* 0.0988 0.0624 0.0456 0.0351 0.4225 0.1580 0.0801 0.0264 0.3031 6.1834 0.8978  2.8438 0.5210
HCIAE-G-DIS 0.1306 0.0709 0.0487 0.0368 0.5084 0.0714 0.0283 0.0069 0.4221 6.0375 0.9001  2.9231 0.5360

5.6 Discussion

In this paper, we propose an alternate evaluation suite for VisDial drawing on existing metrics
from the NLP community that measures consensus between answers generated by a model
and a given reference set of answers. We arrive at the need for alternate evaluations through
an analysis of existing evaluation metrics on the VisDial dataset, which we show can suffer
from a number of issues to do with a mismatch between the task of vD and an evaluation
for it that depends on ranking metrics. This disparity is highlighted through the use of an
exceedingly simple baseline model based on cCA, which needs orders of magnitude fewer
parameters and compute time, but still matches SOTA on mean rank, indicating its ability
to leverage correlations in the data between questions and answers, and ignore the visual

stimulus and sequential aspect of the dialogue.

While a recent update to the evaluation paradigm of VisDial incorporates both human
judgements of answer validity and multiple plausible answers into a final score, issues relating
to ranking persist, albeit to a lesser extent. Here, we advocate use of answers directly generated
by a model, in concert with the consensus-based metrics we propose, evaluated against sets of

answers which have been marked as valid by human annotators.

Given the scale of the dataset, however, eliciting human judgements becomes practically

infeasible, restricting the extent to which such metrics could be applied. To address this issue,
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we develop a semi-supervised automated mechanism, using existing sparse human annotations
and correlations through CCA to obtain sets of valid answers for the entire dataset. We perform
multiple experiments to evaluate the quality of such a mechanism, particularly focussing on its
relevance to the task of vD, and the similarity of these automated reference sets with respect
to those marked by humans. Based on such experiments, we expand the VisDial dataset with
these reference set annotations, which we shall release as a baseline for future evaluation and

model development.

We intend this alternate evaluation suite, along with the expanded data, and the semi-
supervised process by which such expansion can happen, as one possible solution in the face of
constraints on the dataset and its experimental design choices. We hope that the community

adopts these evaluations going forward.
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5.7 Supplementary

5.7.1 Multi-view Canonical Correlation Analysis

Among several possible ways to formulate the canonical correlation analysis (CCA) objective
for multiple variables, we choose the Frobenius norm-based objective of Hardoon et al. [124].
Let us assume that there are m views and x; € R™ represents an observation from the it"
view. X; € R"*N represents the column-wise stack of N observations from the i view. The
objective is to jointly learn projection matrices W; € R™** for all the m views such that the
embeddings in the k(< n;Vi)-dimensional space are maximally correlated. This is achieved by
optimising the following problem:
n 2
min Y HXZ-TWi—XjTVVjHF (5.7.1)

Wi,...,W,
T =i

T
s.t. W;FC”WZ = ]L Wi CZJW;I:(),

h,j=1,....m,i#£jl,n=1,....k l#n

where wﬁ is the I*" column of W;, and C;j is the correlation matrix between the ith and jth
views, or Cj; = ﬁXin. Bach and Jordan [32] show that optimising Eq. 5.7.1 reduces to

solving a generalised eigenvalue decomposition problem of the following form:

Av = \Bv
Cn Ci2 - Cim V1 Cn O -+ 0 vy
Coy Co -+ Cip vy | \ 0 Cyp --- 0 V2
le Cm2 e Cmm Um 0 e et C’mm Um

The top k (eigenvalue-sorted) eigenvectors v; € R™ are column-wise stacked to construct

projection matrix W; for view i € {1,...,m}.
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5.7.2 Detailed cCA results

We conduct a more detailed rank-based performance analysis of CCA versus SOTA approaches
across both v0.9 and v1.0 of the VisDial dataset, extending Table 5.2 in the main paper
with Table 5.7 here. Note, NDCG scores are not computed for v0.9 since human annotations
on answer relevance are not available. We compare against ablative versions (i.e. when the
image and dialogue history are removed) of the SOTA models, as well as two nearest-neighbour

baselines, as established in [77]:

NN-A-Q: given a test question, we find the k nearest-neighbour questions (by average GloVe
embedding) from the training set. We take the mean of their k corresponding answers
(again in GloVe embedding) to represent a “canonical” answer to that question, ranking
the test question’s candidate answers by their Lo distances to it.

NN-A-QI: given a test question and image, we first draw the k nearest-neighbour questions
to the test question from the training set. From this set, we draw the k' questions
whose corresponding image features are most similar to the test image feature. Taking
the mean of their k&’ corresponding answers, we then rank the test question’s candidate

answers as above (k = 100, ¥ = 20 as per [77]).

As in Table 5.2, we observe that the MR achieved by CCA models is similar to that of soTA
approaches, despite the approach’s light-weight nature. Comparing to the nearest-neighbour
baselines, CCA is superior in MR, and additionally in computation and storage requirements

since a nearest-neighbour approach requires the train data (including images) at test time.

5.7.3 NDCG details

The NDCG is the ratio of the discounted cumulative gain (DCG) of a model’s predicted ranking

to the DCG of the “ideal” ranking, obtained by sorting the relevance scores in descending order:

DCGQ@Qm

NDCGOM = ——————
ideal DcG@Qm
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where m is the number of answers with human-derived relevance scores in the set of 100, and

DCG@m is defined as:

m
Pi
DCG@m = e Te—
"2 g

where 7 is the rank of the answer candidate, and p; is the human-assigned relevance score of

the 7P ranked answer.

Table 5.7 Extended results for soTa vs. cca on the VisDial v0.9 and v1.0 dataset. cca achieves comparable perform-
ance in mean rank (MR) while ignoring both image and dialogue sequence.

Model I/QA features MR R@l1 R@5 R@10 MRR NDCG
HCIAE-G-DIS [206] VGG-19/learned 14.23 44.35 65.28 71.55 0.5467 -
CoAtt-GAN [364] VGG-16/learned  14.43 46.10 65.69 71.74 0.5578 -

< o HREA-QIH-G [77] ” 16.60 42.13 62.44 68.42 0.5238 -

g%‘ LF-QIH-C [77] 7 16.76 40.86 62.05 68.28 0.5146 -

“ 7 HRE-QIH-G [77] 7 16.97 42.23 62.28 68.11 0.5237 -
LF-QI-G [77] 7 17.06 42.06 61.65 67.60 0.5206 -
LF-Q-G [77] 7 17.80 39.74 60.67 66.49 0.5048 -

S HRE-QIH-G [77] VGG-16/learned 18.78 34.78 56.18 63.72 0.4561 0.5245

3 LF-QIH-G [77] 7 18.81 35.08 55.92 64.02 0.4568 0.5121
NN A-Q GloVe 19.67 29.88 47.07 55.44 0.3898 -
FastText 25.92 19.86 34.74 43.55 0.2830 -

VGG-16/GloVe 20.14 29.93 46.42 54.76 0.3873 -

Baselines
v0.9

NN A-QI ResNet34/FastText 25.88 21.19 35.78 44.31 0.2941 -

NCCA A-Q FastText 57.18 4.13 9.67 13.89 0.0837 -

AQ GloVe 15.86 16.93 44.83 58.44 0.3044 -

- ) FastText 16.21 16.85 44.96 58.10 0.3041 -

s ResNet34/FastText 18.27 12.24 35.55 50.88 0.2439 -

A-QI(Q) VGG-16/GloVe 26.03 12.24 30.96 42.63 0.2237 -

S VGG-19/GloVe 18.88 12.42 34.52 48.47 0.2409 -

O

AQ GloVe 16.60 16.10 39.38 54.68 0.2824 0.3504
< FastText 17.07 16.18 40.18 55.35 0.2845 0.3493
3 ResNet34 /FastText 19.25 12.63 32.88 48.68 0.2379 0.3077

A-QI (Q) VGG-16/GloVe 19.11 13.53 32.43 47.13 0.2415 0.3071
VGG-19/GloVe 19.29 13.38 32.73 47.23 0.2415 0.3000

5.7.4 Consensus performance with H and C

We conduct a thorough analysis of the consensus measures between an answer generation
and a set of relevant answers. Table 5.8, extending Table 5.3 in the main paper, measures
the consensus of an answer generation with reference to H, the set of relevant answers taken
from the human-annotated validation set H,. Table 5.9, extending Table 5.6, measures the
consensus with reference to C, the relevant answer set automatically extracted using . We

measure consensus scores using the overlap and embedding distance-based metrics described
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Table 5.8 Overlap and embedding distance metrics on the human-annotated validation set H,, for answer generations

sampled from each model, against H. For HREA-QIH-G, on average ~6 answers are the empty string, which are excluded

from the computation. Metrics marked 1 indicate higher values are better, and those marked | indicate lower values are

better. When k=10, 10 answer generations are sampled from the model—u, o, andy are the mean, standard deviation

and maximum of the k scores, respectively, averaged over the dataset. Otherwise, 1 answer generation is sampled and
the mean p is shown.

Model CIDERT BLEUT METEORT BERT FASTTEXT
n=1 n=2 n=3 n=4 n=1 n=2 n=3 n=4 Lol CSt Lol CSt

Agt p 0.1889 0.1253  0.0986 0.0819 0.9961 0.4840 0.3934 0.2916  0.9971

Ty w 0.1915 0.1437  0.1165 0.0962  1.0000 0.7633 0.5974 0.3371  1.0000

(0.1490)  (0.1051) (0.0869) (0.0772) (0.0000) (0.1440) (0.1538) (0.1675) (0.0000)
402765 02151 0.1810 0.1513 1.0000  0.9898 0.9826 0.9300  1.0000

CCA-QA-G @ 00687 00414 00285 00215 04323  0.1461 00345 00138 02713  7.1231  0.8690 3.1251  0.4555
CCA-QA-G (k=10) 4 0.0708  0.0420 0.0291 0.0221 04156  0.1539 0.0516 0.0149  0.2721 7.0301 08702 2.8850  0.4889
a(0.1071)  (0.0603) (0.0418) (0.0317) (0.2931) (0.2183) (0.1248) (0.0500) (0.2410)  (1.1316) (0.0393) (0.6072) (0.1077)
401320 00840 0.0609 0.0470 0.7251  0.4445 02276 0.0960 05047 57117 09132 23446  0.5984
CCA-IQA-G £ 00649 00400 0.0277 00211 04107  0.407 0.0348 00153 0.2581  7.2405  0.8641 3.1807  0.4411

HREA-QIH-G £ 0.0880  0.0483 0.0333 0.0252 05557  0.0948 0.0411 00136 04813  6.2875  0.8927 2.9724  0.5079
HREA-QIH-G (k=10) 4 0.0558  0.0303 0.0206 0.0156 0.3919  0.0648 0.0169 0.0030 0.2958  6.6661  0.8796 2.9599  0.4907
o(0.0716)  (0.0405) (0.0290) (0.0232) (0.2691) (0.1190) (0.0663) (0.0346) (0.2452)  (1.1225) (0.0415) (0.5827)  (0.0906)
v 0.1194 00656 0.0450 00341 07154  0.1975 0.0607 00154 05915 56003 09149 25639  0.5600

HREA-QIH-G* £ 01359 00721 0.0494 0.0372 07646  0.0614 0.0374 0.0064 07149 55727 09149 3.2664  0.4971
HREA-QIH-G* (k—10) 4 0.0937  0.0600 0.0438 0.0337 0.5825 02739 0.1423 00461 04310  6.0202 09031 2.8534 05117
o(0.0656)  (0.0409) (0.0300) (0.0231) (0.2271) (0.1959) (0.1412) (0.0808) (0.1868)  (0.7250) (0.0241) (0.4241) (0.0761)
702456 0.1701 0.1326 0.1042 09780  0.8198 0.6472 02946 09562  4.9441  0.9295 2.08%6  0.6584

HCIAE-G-DIS @ 0.1337 00719 0.0495 00374 0.7512  0.0965 0.0553 00117 0.6724 56709 09122 3.1451  0.5047
HCIAE-G-DIS (k=10) 4 0.1053  0.0570 0.0390 0.0204 0.6352  0.1031 0.0443 0.0108 05449 54207 09120 23339  0.6067
(0.1004)  (0.0528) (0.0361) (0.0273) (0.2980) (0.1473) (0.0950) (0.0423) (0.3156)  (1.0121) (0.0254) (0.4738) (0.0850)
401921 01130 0.0806 0.0615 09278 04261 02462 00742 0.8654 47000 09334 1.8757  0.6992

Table 5.9 Overlap and embedding distance metrics on the entire validation set, for answer generations sampled from

each model, against C = ¥. For HREA-QIH-G, on average ~6 answers are the empty string, which are excluded from

the computation. Metrics marked 1 indicate higher values are better, and those marked | indicate lower values are

better. When k=10, 10 answer generations are sampled from the model—u, o, andy are the mean, standard deviation

and maximum of the k scores, respectively, averaged over the dataset. Otherwise, 1 answer generation is sampled and
the mean p is shown.

Model CIDERT BLEUT METEORT BERT FASTTEXT
n=1 n=2 n=3 n=4 n=1 n=2 n=3 n=4 Lol Cst Lol Cst

Agt o 0.3502  0.2479  0.2004  0.1692 0.9948  0.4827 0.3935 0.2940 0.9955

Ty p 03454 0.2734  0.2320 0.1957 1.0000 0.7586 0.6371 0.3816 1.0000

o (0.2241) (0.1906) (0.1682) (0.1485)  (0.0000) (0.1949) (0.2320) (0.2822)  (0.0000)
v 04212 03429 0.2991 02583  1.0000 0.9915 0.9767 0.7904  1.0000
CCA-QA-G 1 00789 00461 00313 00235 03123 0.0752 00120 0.0024  0.1864  7.1873 08673  3.0008 0.4782
CCA-QA-G (k=10)  p 0.0825 0.0489 0.0342 0.0259  0.3280 0.1041 0.0370 0.0074 02255  7.0290 0.8704  2.8408 0.5150
o (0.1397) (0.0850) (0.0608) (0.0462) (0.3142) (0.1908) (0.1062) (0.0342)  (0.2411)  (1.1715) (0.0393) (0.6733) (0.1279)
v 01617 0.1025 0.0743 0.0571  0.5902 0.3192 0.1663 0.0477 04282 57403 09118  2.2635 0.6349

HREA-QIH-G @ 01109 00597 0.0409 0.0308 04521 00656 0.0243 00058 03710  6.2743 0.8924  2.8815 0.5334
HREA-QIH-G (k=10) p 0.0254 0.0136 0.0092 0.0069  0.3134 0.0432 0.0099 0.0017 02387  6.7067 0.8778  2.8971 0.5046
(0.0324) (0.0178) (0.0122) (0.0092) (0.2770) (0.0961) (0.0493) (0.0207)  (0.2444)  (1.2885) (0.0448) (0.6059) (0.1029)
0.1569 0.0850 0.0579 0.0436  0.5901 0.1349 0.0365 0.0068 04742  5.6594 09119 24015 0.6059

0.1580 0.0835 0.0568 0.0428 05923 0.0418 00221 00047 05269 57023 0.9097  3.1888 0.5196
0.0988 0.0624 0.0456 0.0351 04225 0.1580 0.0801 0.0264 03031  6.1834 0.8978  2.8438 0.5210
(0.0847) (0.0579) (0.0436) (0.0338) (0.2609) (0.1621) (0.1110) (0.0634)  (0.1986)  (0.9805) (0.0326) (0.4866) (0.0895)
v 03105 02122 0.1653 01302  0.8918 0.6207 04368 0.1742  0.7991 48802 0.9287  2.0014 0.6934

HCIAE-G-DIS @ 01611 00874 0.0602 0.0455  0.5989 0.0708 0.0337 0.0080 05148 57358 0.9088  3.0385 0.5345
HCIAE-G-DIS (k=10) g 0.1306 0.0709 0.0487 0.0368  0.5084 0.0714 0.0283 00069 04221  6.0375 09001  2.9231 0.5360
o (0.1319) (0.0744) (0.0526) (0.0404) (0.3388) (0.1279) (0.0775) (0.0359)  (0.3376)  (1.2567) (0.0375) (0.5814) (0.1104)
4 02503 01482 0.1061 0.0812  0.8066 0.3072 0.1603 0.0461 06956 51979 09230 22556 0.6507

HREA-QIH-G*
HREA-QIH-G* (k—10)

in the main paper. We sample 1 and 10 answer generations from the respective models, and
compute the mean p, standard deviation o, and maximum ~ of the k scores. We also include
two baselines intended as upper bounds: i) Ay, takes the ground-truth answer to be the
generated answer, and ii) 'y, cycles through H, treating each answer as the generated answer.
Since each answer in the set could be a plausible one (as marked by humans), we take the
best-case score (minimum score for all except embedding-based Ly distance for which we take

the maximum), and then average over the dataset.
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5.7.5 Automated evaluation of reference sets

We analyse the performance of different methods for extracting answer clusters C', by comparing
to the answer reference set H obtained from the human-annotated validation set H,. Extending
the analysis of Table 5.4 in the main paper, in Table 5.10, between C' and H, we measure 10U,
precision, recall, and set size for the different methods, as well as, within cluster C, its average

correlation, the standard deviation of the correlations, and the likelihood of C' containing Agt.

Table 5.10 Extended evaluation of alternate methods for automated reference set construction on the human-annotated
validation set H,, against H. Values in parentheses denote standard deviation across the set. For G, n is the number
of clusters specified for the agglomerative clustering.

C }ZSE‘} \11"8‘(1\ ‘IT;‘CV‘ |C| AgeC corr (C) std (corr(C))
p — 100.00 (0.00) 100.00 (0.00) 100.00 (0.00) 12.77 (7.24) 100.00 (0.00) 0.2393 (0.1942) 0.1670 (0.0017)
& (@, Ay 17.59 (13.04) 31.01 (27.31) 57.67 (32.17) 39.85 (31.51) 100.00 (0.00) 0.2998 (0.2610) 0.0856 (0.0374)
(@) A 15.06 (14.31) 37.02 (34.72) 38.43 (35.62) 21.53 (26.14) 54.80 (49.77) 0.4794 (0.2379) 0.0852 (0.0424)
= (Ag, A) 13.14 (12.74) 89.10 (26.06) 18.57 (23.21) 4.37 (10.36) 100.00 (0.00) 0.9466 (0.1016) 0.1586 (0.0844)
< © (g A) 10.05 (12.65) 42.68 (30.16) 50.47 (35.70) 27.96 (32.01) 100.00 (0.00) 0.5069 (0.2734) 0,2068 (0.0939)
*(Q, 5. 6. . . 100. . .1843 (0.2146 5
(@ Ay 18.66 (14.83) 25.33 (23.22) 62.46 (27.37) 45.89 (28.70) 100.00 (0.00) 0.1843 (0.2146) 0.0735 (0.0360)
I Q, A)max 19.89 (16.99) 34.58 (30.69) 49.39 (34.08) 26.74 (25.82) 53.49 (49.89) 0.3270 (0.2186) 0.0710 (0.0367
<
< (Ag, 4) 13.15 (12.84) 93.96 (20.12) 16.64 (20.51) 3.12 (8.11) 100.00(0.00) 0.9660 (0.0959) 0.1207 (0.0686)
3 (Ag, A) 25.01 (18.40) 59.19 (31.55) 39.35 (28.86) 12.00 (16.07) 100.00 (0.00) 0.5841 (0.2167) 0.2231 (0.0990)
o (Q, Ay 10.92 (12.94) 32.64 (26.49) 64.25 (31.71) 39.45 (29.86) 100.00 (0.00) 0.3334 (0.2310) 0.1162 (0.0637)
Z(Q) A)max 14.42 (13.80) 40.72 (35.20) 27.33 (28.47) 11.32 (13.38) 47.14 (49.93) 0.5193 (0.2034) 0.0661 (0.0295)
= (Ag, A) 12.67 (11.97) 89.83 (25.66) 18.17 (22.76) 4.01 (9.08) 100.00 (0.00) 0.9658 (0.0753) 0.0960 (0.0355)
0 © (Agt, A) 21.16 (13.60) 49.21 (28.34) 38.60 (28.03) 12.30 (12.17) 100.00 (0.00) 0.5859 (0.1898) 0.2092 (0.0949)
Q. A 21.94 (15.26) 27.31 (22.21) 77.53 (24.32) 50.37 (29.80) 100.00 (0.00) 0.2194 (0.1879) 0.1002 (0.0647)
Qs A)max 19.64 (17.18) 40.95 (33.44) 32.89 (26.85) 11.93 (9.73) 37.02 (48.30) 0.3739 (0.2000) 0.0505 (0.0264)
= (Ag, A) 13.15 (12.89) 93.32 (19.91) 15.49 (17.80) 2.10 (3.72) 100.00 (0.00) 0.9764 (0.0596) 0.0897 (0.0369)
8 (Ag, A) 24.13 (16.73) 6248 (31.24) 32.91 (23.52) 7.17 (6.94) 100.00 (0.00) 0.6206 (0.1773) 0.2269 (0.0975)
g
(Q,A)g n=3 19.56 (13.04) 27.14 (21.46) 58.03 (26. 11 33.78 (18.68) 100.00 (0.00) 0.2888 (0.2430) 0.0851 (0.0398)
g
. (Q,A)ge n=4 19.15 (12.81) 31.61 (24.59) 46.77 (25.22) 23.96 (14.68) 100.00 (0.00) 0.3193 (0.2488) 0.0679 (0.0355)
S (Q,A)g n=5 10.49 (6.31) 17.08 (13.61) 28.42 (17 82) 21.25 (8.64) 100.00 (0.00) 0.5656 (0.1375) 0.0287 (0.0100)
j (Q; A)max n= 4 17.65 (14.16) 36.87 (29.85) 35.27 (27.86) 14.75 (11.63) 57.17 (49.50) 0.4716 (0.2189) 0.0758 (0.0380)
IS (Q, A)max n=5 9.47 (8.99) 20.73 (24.04) 19.14 (17.22) 14.94 (8.64) 20.78 (40.59) 0.7673 (0.0605) 0.0336 (0.0121)
o (Agt 4) n 5 15.53 (13.11) 81.47 (29.65) 21.82 (22.55) 4.70 (7.58) 100.00 (0.00) 0.8879 (0.1561) 0.1513 (0.0692)
(A, A) n=5 22.13 (13.18) 47.40 (27.16) 38.93 (25.76) 11.58 (9.13) 100.00 (0.00) 0.5633 (0.1943) 0.1987 (0.0834)
N (Q,A)ge n=5 10.49 (6.31) 17.08 (13.61) 28.42 (17.82) 21.25 (8.64) 100.00 (0.00) 0.5656 (0.1375) 0.0287 (0.0100)
C(Q, A)max 1=5 947 (8.99) 2073 (24.04) 19.14 (17.22) 14.94 (8.64) 20.78 (40.59) 0.7673 (0.0605) 0.0336 (0.0121)
<(Ag, A) n-5 1534 (14.45) 80.81 (23.18) 1842 (19.76) 274 (4.20) 100.00 (0.00) 0.9342 (0.1189) 0.1369 (0.0672)
(A, A) =1 27.74 (19.02) 54.15 (30.33) 2 51 (26.81) 11.08 (8.49) 100.00 (0.00) 0.5290 (0.1968) 0.2123 (0.0721)
(Agi, A) n=5 25.59 (17.69) 59.20 (30.71) 35.74 (24.47) 7.91 (6.18) 100.00 (0.00) 0.5874 (0.1892) 0.2188 (0.0877)

In the main paper, the methods we explore to construct C' were simple (X), meanshift (M),
and agglomerative clustering (G). We employ cca A-Q”, learned on solely those (Q, A) pairs
in H; for which humans scored p(A) > 0, to compute the correlations C between Ay and
cach A € A, where A = A \ Ag¢. Cluster C is then constructed by applying 3, M, or G to

correlations C, and unioning Ay with the resulting set. We denote this (Agt, A)
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In Table 5.10 we additionally show the results of the above, but using i) cca A-Q, learned on
all train (Q, A) pairs, and ii) correlations C computed between Ag¢ or the question @, and the
full candidate set—(Agt, A) and (Q, A), respectively. In the case of (Q, A), we can construct
C in two ways: either by selecting all those answers in A with the same cluster label as Agt,
or those with the same label as the answer with the maximum correlation to Q). We denote
this (@, A)g and (Q, A)max, respectively. This does not apply to (Ag, A) since Age and the
answer with the maximum correlation will always be the same, nor for (Agt, A), since Agg, by
definition, is excluded from A, and simply unioned with the resulting cluster afterwards. As
described in the main paper, we cross-validate and select the method (in our case, X) giving
us good precision, |[H N C|/|C], and a small cluster size, |C|. Using this method, we show
in Figure 5.5, some qualitative examples of the answer clusters which our method extracts
from the candidate sets associated with given questions and images. The majority of the

answers are relevant both to the image and the question.

Q: Are there any other people? Q:Is the driver of the truck nearby?
Way in the background ¢) I can’t see anyone in the picture
Yy g Yy F
(O There are few people way off in background (O No people
O I see a few in the background O Can’t see anyone else
(O There are a few in the background

Q:Is the broccoli raw or cooked? Q:Is the mountain large or small?
6 It’s raw. @ It’s large
O Raw QO Fairly large
O It’s medium size
O Large

QO Pretty large
O Medium size I would say not small not large
O I would say large

Figure 5.5 Qualitative examples of the relevant answers our semi-supervised approach (X) extracts from given can-
didate answer sets. Note, we show all answers which our method extracts from the sets.
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5.7.6 Utility evaluation of reference sets for vD

To demonstrate the utility of the automatically extracted sets of relevant answers, we show

the improved performance of the ccA A-Q model when provided with an augmented train set

including these automatic relevant answer sets extracted via weak supervision. We measure

utility by performance on the downstream task of vD, where we look primarily to the NDCG

score. For completeness, we also show performance in the other rank-based metrics. We

extend Table 5.5 in the main paper by showing results for all automated methods (M, X, G)

on the validation and test set in Table 5.11 and Table 5.12, respectively.

Table 5.11 Extended evaluation of the utility of automated reference set construction methods (M, 3, G) on the
standard vD evaluation. Models were trained using cca on the indicated subsets (H¢, all train, or all trainval) of
VisDial v1.0, using answers drawn from different sets (‘Ref’), and tested on the evaluation test server®.

Train

Ref MR R@l R@5 R@l0 MRR NDCG
Set  #QA pairs Lottty

15317 H 26.49 6.05 21.50 3553 0.1550 0.3647

17,055 % 20.36 835 32.83 48.78 0.2066 0.3715

Hy 26,318 M 21.53 6.83 29.80 45.63 0.1862 0.3503

16,923 G (n=5)  20.66 8.08 30.35 46.33 0.1981 0.3657

1996 {Ag}  23.71 13.13 34.05 46.90 0.2428 0.2734

10419489 % 17.20 10.73 34.20 51.80 0.2312 0.4023

ol tragy 17600151 M 20.67 9.38 24.45 39.93 0.1905 0.3339

10,614,163 G (n=5)  17.79 9.78 3140 48.93 0.2171 0.3918

1,232,870 {Agq}  17.07 16.18 40.18 55.35 0.2845 0.3493

10,599,533 % 17.31 1020 33.30 51.45 0.2242 0.4050

all trainea 17931897 M 20.47 9.38 24.83 40.55 0.1917 0.3380

10,798,877 G (n=5)  17.60 9.85 31.67 49.20 0.2184 0.3927

1,253,510  {Ag) 17.10 16.10 40.05 55.07 0.2833 0.3486

Table 5.12 Extended evaluation of the utility of automated reference set construction methods (M, 3, G) on the
standard vD evaluation. Models were trained using cca on the indicated subsets (H¢, all train, or all trainval) of
VisDial v1.0, using answers drawn from different sets (‘Ref’), and tested on the validation set.

Train Ref MR R@l R@5 R@10 MRR NDCG
Set  #QA pairs 1 ) T ) ) )

15317 H 25.34 620 22.58 37.84 0.1598 0.3755

17,055 % 20.94 854 32.16 47.69 0.2049 0.3884

H, 26,318 M 21.84 7.16 28.78 44.95 0.1858 0.3669

16,923 G (n=5) 2147 7.93 30.29 45.80 0.1942 0.3779

1996 {Ag} 23.80 13.50 34.06 46.64 0.2442 0.2816

10,419,489 ¥ 17.39 10.27 34.01 51.54 0.2264 0.4099

ALty 17600151 M 2096 9.11 22.92 39.30 0.1850 0.3354

10,614,163 G (n=5)  18.03 9.68 31.16 48.85 0.2136 0.4005

1232870 {Ay}  17.04 16.00 41.21 55.16 0.2860 0.3547

“https://visualdialog.org/challenge/2018
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“Once I knew only darkness and stillness, but a little
word fell into my hand that clutched at emptiness,

and my heart leaped to the rapture of living.”

Helen Keller

Discussion

The principle contributions of this thesis are in developing methods for i) learning visual
representations with low-cost, easy-to-acquire labels, ii) relaying information to VI users, and
iii) robustly evaluating models which deliver information via natural language. Here we discuss

the implications of each in developing real-world assistive technologies for vi users.

6.1 Learning visual scene representations

Real-world assistive devices may need to learn scene and object representations with only
minimal or weakly-labelled examples. Motivated by this, in Chapter 2 we developed a weakly-
supervised method for the semantic segmentation of images—one type of scene representation—
which uses only classification labels. The algorithmic contributions of our work lie in coupling
an EM-based method with a simple-to-complex curriculum learning paradigm. With this
approach, our method achieved SOTA performance on the PASCAL VOC 2012 semantic seg-

mentation task compared to existing methods which use the same degree of weak supervision.

Assistive devices will likely require a human-in-the-loop since they will need to dynamically
tune themselves to users’ inputs, interactions, and environments. Our method facilitates this
as classification labels can easily be collected verbally from a VI user, converted to text with an
off-the-shelf speech-to-text engine, and then used to download further class-specific examples
from the internet, providing a virtually limitless source of training data for on-the-fly learning.
This set-up, therefore, makes it possible not only to learn completely novel object categories
for which no training samples are available, but also to improve the learned representations of
existing categories by integrating further training samples. To achieve this, models will need

to draw on continual [2506, |, and active learning |58, , | paradigms, both active
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areas of research. Continual learning endows models with the ability to acquire, fine-tune,
and transfer knowledge from a continuous stream of information over time. Models will need
to be robust to non-stationary data distributions as the number of concepts and scenarios
encountered by the user expand. This will involve leveraging existing knowledge to learn new
concepts, while simultaneously remembering the old [172, |. Active learning paradigms, on
the other hand, allow models to interactively request a human to label (a subset of) samples.
The majority of incoming data from a mobile or wearable camera will be unlabelled. It will be
useful, therefore, for the model to identify the important or relevant samples for which labels

are needed so that new and existing representations can be learned and improved, respectively.

In the future it will also be important to consider which types of representations will be most
useful, given the user’s current task and the computational constraints of the device. Assigning
class labels down to the pixel level, for example, may be unnecessarily fine-grained for a
navigation task that simply requires objects’ locations, regardless of their class. Furthermore,
obtaining real-time segmentations, or training a segmentation model on-the-fly, may be
infeasible on resource-constrained mobile devices'. On the other hand, a representation which
delivers class-agnostic bounding boxes or coarse blobs may not be fine-grained enough if the
task is to locate a specific object. In fact, any task relying on information which goes beyond
an object’s class label, of which there are many in day-to-day life, would face similar limitations.
Learning representations which factor in additional detail will thus also be necessary in some
scenarios. Choosing the representation and when to deliver it so that it is most informative
to the user are open research challenges, and will likely need to be human-driven, for example,

by obtaining the user’s goal explicitly, or inferring it from the environment.

Finally, while visual cues dominate much of our perception of the world, it is possible that
integrating other information, like sound cues or locations, may help to deliver more robust
scene representations. Furthermore, while object-centric representations from object detection,
semantic segmentation, or instance segmentation pipelines may intrinsically encode the spatial
and functional relationships between objects, they do not explicitly encode this knowledge. A
structured representation, in the vein of scene graphs [368], may be richer, and additionally

help downstream interpretability and reasoning, which are important in medical devices.

! Although mobile-friendly segmentation models are available, with real-time inference possible in some
scenarios [297, 379)].
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6.2 Relaying scene information

The second contribution of this thesis lies in two methods for relaying information about
environments to VI users. In Chapter 3 we developed mappings for transforming 3D VR
environments into soundscapes which encode the 3D positions of objects and are updated
in real-time as the user navigates. With a novel locomotion-controlled testing method, we
experimentally validated these mappings by getting human participants to perform simple
navigation and obstacle avoidance tasks using only the audio soundscapes. Our findings
showed that participants’ navigational efficiency and strategy improved after only a short

training period, which is promising for using these mappings in navigational tasks.

In Chapter 4 we proposed delivering information by answering questions asked by the vI user
about their environment. Here, users are able to more directly probe their environment and
gain specific, finer-grained information which may not be captured by the previous method.
We explored this through the task of vD, answering a sequence of questions about an image,
where our contribution was a fully generative model which learns conditional distributions
over responses under two settings: 1) a one-way vD task, where the model generates a set of
feasible answers to a question, based on the intuition that a sentence can be phrased in many
ways, and 2) a two-way VD task, where the model generates (sets of) questions and answers,
based on the intuition that an assistant should be able to both answer and ask questions. Our
generative approach performs on-par with SOTA models on these VD tasks, while avoiding the

need for a computationally intensive beam search as a post-processing step.

While these works take exploratory steps forward, the best way to relay information to Vi users
is still an open research question. This is because vision is very efficient at filtering relevant
information and relaying it at a high bandwidth. Developing efficient alternate methods

requires choices in 1) mapping and 2) delivery, which are both non-trivial tasks.

Mapping involves identifying and extracting relevant elements of a scene, and transforming
them into non-visual representations. This is challenging because relevancy varies as a function
of the task at hand, and because the encoding to non-visual representations may involves losses
due to time and other delivery constraints. For example, both echolocation and humming

soundscapes encode the 3D positions of objects, but none of their other features. While
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sufficient for navigation, they may not be suited to finer-grained tasks. There is also the
question of how best to aggregate non-visual representations when multiple scene elements
are relevant, constrained by the cognitive load the aggregated representation would place on
the user. These challenges were evident in the soundscape mapping which attached humming
sounds to objects: users reported hums were difficult to disentangle when they were nearby
multiple objects. While this information overload could be alleviated by the user querying
their environment with specific questions, hence filtering for relevance manually, questions
and answers may not be suited to all scenarios. When navigating, for example, it is infeasible
for the user to repeatedly ask ‘Is there a hazard in front of me?’. Instead, a simple spatial

audio alert when nearing a hazard would be more appropriate.

Once a non-visual mapping is obtained, delivery involves presenting the non-visual representa-
tion to the vI user. The primary challenge here is ensuring that the delivered form does not
interfere with the user’s otherwise adapted abilities to perceive the world. Both of the methods
we explored use audio cues, in the forms of spatial sound and verbal answers, which would
likely be presented via head/earphones. The delivery of these cues may, however, impede
the user’s hearing, for which there is strong evidence to show is especially informative for
VI people across a range of tasks [113, , , , , , |. To circumvent these
issues, alternate equipment for delivery could be investigated, for example, bone-conduction
headphones?. Other delivery forms could also be used, for example, electro- or vibro-tactile
cues, though these may not allow as much information to be encoded, or to the same specificity,
as audio cues. Making the correct choice for both mapping and delivery is important to ensure

visual information is efficiently delivered to VI users in real-world scenarios.

In the future, it will be essential to validate these hypotheses through controlled user studies.
Our spatial audio encoding methods were tested on blind-folded sighted participants, rather
than VI participants, as a preliminary proof-of-concept test of the vision-to-audio mappings
and the testing paradigm. Our natural language delivery method was validated not by its
usefulness to VI participants, but by the model’s answering performance using established
metrics of the dataset on which it was trained. To truly assess the effectiveness of information

relay methods, they will need to be deployed and tested in real-world scenarios by VI users.

2Bone-phones transmit sound through vibrating pads placed on the jaw bones, resulting in sound sources
perceived externally rather than in-ear.
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6.3 Evaluating effectiveness of vision-language models

Relaying information about an environment to a vI user via language requires on a model
that is able to understand, reason and make inferences about the scene, before parsing the
user’s question and then delivering the correct answer. In Chapter 5 we investigated the
extent to which the VisDial dataset [77], used in Chapter 4, and its evaluation metrics,
facilitate progress toward this goal. We established a simple CCA baseline without any notion
of the image or dialogue history, and found that it performs as well as significantly more
complex SOTA models on the dataset’s established metrics. This finding, we demonstrated,
is a combination of i) dominant linguistic statistics in the dataset which a model based on
correlation can exploit, and ii) a rank-based evaluation paradigm which does not account
for the answer generated by the model, nor that the correct answer could be one of many.
Together, these factors mask true progress in the vD task. To partly address this, we proposed
a revised evaluation which instead measures the consensus between an answer generated by a
model and a set of equally-plausible answers to a given question, rather than just a single one.
We developed a weakly-supervised and easily scalable method to construct sets of plausible
answers for the entire dataset. Our principle recommendation is that the revised evaluation

paradigm be used for model development and evaluation on the VisDial dataset in the future.

Robustly evaluating natural language at scale, however, remains an open research question.
Turning to human evaluators is infeasible, and existing automatic evaluation metrics, including
those used in our revised paradigm, have their shortfalls. Overlap-based metrics 186, , |,
for example, rely on pattern matching word n-grams between sentences, and hence may penalise
short answers which are prevalent in VQA and vD datasets. Distance-based metrics in sentence
embedding space |31, |, on the other hand, may not distinguish between sentences which
are syntactically and semantically very similar (it is on the left” versus “it is on the right”).
Additionally, key informational content may be lost in the mapping from word to sentence
embedding space, although strong baselines have been proposed [29, 87]. In the absence of a
single robust metric suited to all scenarios, the crux of our revised evaluation paradigm is a
suite of these metrics, making model performance on the VisDial dataset more robust to the
shortcomings of any one single metric. We advocate that aggregate approaches such as these

are better suited to the evaluation of natural language.
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The linguistic biases in the VisDial dataset, however, remain present, with the revised
evaluation paradigm only helping up to a limit. These strong language priors can lead to models
that do not truly understand and reason about visual and linguistic content. Accepting the
design choices made in the dataset’s collection, rebalancing the dataset could be one method to
overcome these issues, as has been done in existing vision-language datasets [, 5, , , |.
Rebalancing could adopt one of many forms. Following [115, |, each question in each
dialogue could be coupled with a pair of images for which the correct answer would be different.
Another approach [5] could be to differ the answer distributions between train and test settings,
thus exposing models which simply exploit linguistic correlations. Complementary to these
efforts, it will also be important to explore more effective methods of learning joint embeddings
between vision and language modalities, like those based on bilinear pooling [100, |, and

shallow-layer fusion in network architectures [31].

Finally, relinquishing focus on the VisDial dataset, motivated by the need for language in many
tasks, we posit that the curation of a task-specific VQA or vD dataset, where the task itself
relies on the visual and linguistic input being understood, would naturally mitigate dominant
linguistic statistics, and aid the design of better evaluation metrics. This departs from the
many non-task specific vQA and vD datasets [21, 77, | which simply pair annotators in
free-form question-answering. Not only does this often give rise to arbitrary questions, but it
also hamstrings the evaluation to settings where the only way to evaluate predicted answers is
to match them to human-provided ones, for which known challenges exist. Through carefully
designing the collection method, and carefully selecting the task (for example, navigation
or object localisation) the resulting dataset may improve the interrogation of joint vision
and language reasoning, and the development of VI assistive technologies. Specifying a task
would also allow the generated language to instead be evaluated by its utility in accomplishing
the specified task, with model performance quantified by the speed and efficiency of task
completion in the spirit of |79, |. In this direction, a host of works have already investigated
the use of auxiliary tasks to evaluate, or supplement the evaluation of, language [21, 78, 79, 80],

supporting downstream task performance as a proxy for model performance going forwards.
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6.4 Deploying in the real-world

A crucial component in developing data-driven assistive technologies for vI people is to ensure
that they work on real-world portable devices. In academic settings, including this thesis,
these factors are often not considered. To remedy this we now turn to specific areas that

should be focussed on to realise real-world assistive devices.
6.4.1 Curating datasets specific for VI assistance

A host of datasets in the research community have been used to benchmark performance
and establish machine capabilities in a range of perceptual visual and language tasks [2,

, 77,79, 83, 88, 91, , , , ]. Most of these datasets, however, were collected
and annotated by sighted individuals without an assistance task in mind and, therefore,
fundamentally differ from the scenarios seen by assistive devices in the real-world. Computer
vision datasets [33, 88, , , |, for example, are mainly composed of images taken from
the third-person perspective, with the target objects/s often centred and focussed, and only
small variations in image quality. This is significantly different from images that would be
streamed from a hand-held or head-mounted camera, which may be blurry or exclude the
target object altogether. Video datasets |2, 91, , , | partially address these issues,
with some specifically collected from a first-person perspective |75, , |, however, many
remain in the third-person, and do not cover scenarios regularly encountered by VI people.
From a linguistic perspective, language and vision-language datasets also present several
differences. Given the wide range of possible tasks, and the differences between sighted and vi
people’s interactions, existing language corpuses may not be specific enough to deliver useful
assistance. For example, visual question-answering datasets [24, 77, 80, |, often contain
questions which are irrelevant to a vI person because of the non-task specific way in which

they were created (e.g. ‘Is the image black and white?’ or ‘What colour is the plate?’).

Developing assistive devices which will be robust and effective in the real-world will require
that these differences in data be addressed. This can be jointly tackled through i) curating
datasets tailored to VI assistance, and ii) using continual and active learning paradigms to

integrate knowledge learned from offline and online datasets, each of which we discuss below.
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Curating datasets which are tuned to real-world scenes and challenges faced by VI people,
requires that VI people are brought into the data collection loop [7, 39, |. VizWiz [121]
is the first public dataset to do this. It pairs questions asked by VI people about images
taken on their mobile phones, with answers from (offline) sighted annotators. As a result, the
dataset contains highly relevant questions (e.g. ‘Is the light on?’, and ‘Is the washing machine
set to the rinse cycle?) with corresponding images which are often blurry and off-target.
Subsequently, mobile calling apps, Be My Eyes [39] and Aira [7], have established similar
pipelines but instead collect answers from online sighted helpers based on videos captured by

VI video callers.

Relying on a human-in-the-loop for large-scale dataset collection, however, is time- and
cost-intensive, and still may not account for the great diversity in scenarios faced by VI people.
To address this, the highly photo-realistic and semi-interactive VR environments which have
become increasingly available [57, , | may serve as good real-world approximations.
In these environments, a simulated VI mechanical turker (e.g. by obscuring their FOV) and
a sighted turker could be paired to scalably collect (visuo-linguistic or other) data under
similar settings as with physical humans. Furthermore, such a data collection method could
flexibly be used to simulate a range of conditions, like the FOVs of different eye conditions,
or the view-points from different devices (e.g. wearable or mobile phone). Additionally, a
great diversity of environments could be created to cover the tasks faced by VI people, like
cooking and locating objects in a home, navigating public spaces and transport, or shopping
for groceries. As discussed in Section 6.3, a task-specific dataset may further facilitate the
design of better evaluation metrics where the performance on the task in the VR environment
serves as a proxy for a trained model’s performance. Of course, it will be important to validate
the VR scenarios and tasks against small subsets of real-world samples collected under similar

conditions with real VI users.

The world is constantly changing however, which makes it difficult for even a VR simulation to
account for all possible scenarios. It will therefore be essential to equip assistive devices with
the ability to learn novel concepts on-the-fly. As discussed in Section 6.1, this will involve

using knowledge learned from both vi-specific and general datasets in novel situations, and will

3At the time of writing this thesis, however, neither company has, or intends to, publicly share their data.
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draw on advances in continual and active learning |58, , , |. Specific challenges in
this direction lie in handling temporal shifts in the distribution of data so that new knowledge
is not favoured in place of existing knowledge, referred to as forgetting, and existing knowledge

facilitates the acquisition of new knowledge, referred to as transfer learning [172, 222].

6.4.2 Developing mobile-compatible models

Most of today’s research in machine learning is conducted under resource-unconstrained
settings, with few limitations placed on the available compute or storage/memory requirements
of the model at train and test time. SOTA models often constitute millions of parameters
(~300-500MB), and rely on a GPU (sometimes multiple) to be trained and to deliver predictions
within reasonable time frames |132, , , |. These considerations, however, have crucial
implications for mobile assistive devices which will not only be defined by their performance,
but by their size, weight, battery life, form factor, and user interface. Another consideration
is the speed at which the model can parse and process scenes, ideally at real-time or close to
it. The time required to (re)train or fine-tune a model, either locally or remotely, may also be

important, particularly in active/continual learning settings.

Meeting these requirements will involve both hardware and software considerations. In
terms of hardware, the miniaturisation of electronics is already enabling better cameras and
more powerful processors on portable devices. Many high-end smart-phones, for example,
ship with on-board graphics cards and neural network packages. The resource-constrained
nature of mobile devices and wearables, however, will require also optimisation of the models
themselves. This will draw on active research in neural network-based model compression
which aims to reduce the space and time complexity of models, without significant loss in
their performance [62]. It is also possible that rather than locally processing incoming data
streams, devices could instead delegate the processing to remote servers. The increasing
affordability and availability of cloud computing services and high internet speeds may indeed
make this a feasible solution in the near future. This, however, may not be a silver bullet.
Many third-world and developing countries, for example, have slow or only limited access to

internet.
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6.4.3 Designing devices

The trade-off between form and functionality also manifests in the design of assistive devices,
in particular their form factors and user interfaces, both of which have been shown to heavily
influence the uptake of an assistive tool [105]. A device, whether wearable or hand-held, should
be inconspicuous, lightweight, well-fitting when worn or carried, and overall aesthetically
pleasing. It should additionally not hamper safety, for example, by requiring the user to enter
commands which are difficult or dangerous in real-world scenarios, or by blocking natural
sounds. Importantly, the device should be intuitive to operate, drawing on functions and
features which VI users may already be accustomed to using, like screen readers, accessible

keyboards, tactile buttons, and voice commands.

Regional prevalence, heterogeneity in eye condition, and age must also be considered when
designing assistive devices. Solutions will need to be tailored to the particular condition of the
user: an assistive device which enhances the edges or contrast of objects/people in the central
FOV might be unhelpful for an AMD sufferer, who typically has limited central vision, and
indeed would not be helpful at all to a fully blind person. Additionally, the majority of those
with vision impairment are over 50 years of age [362]. Given the low uptake of and familiarity
with technological devices by elderly people [218], an unintuitive design may further reduce

its usefulness to large portions the global vi population.

6.4.4 Final word

These many considerations, from understanding diverse scenarios, to effectively mapping and
delivering information about them in a form that is easily understood for the task at hand,
will be essential in developing data-driven assistive technologies for vI users which are robust,
efficient, portable, and importantly safe. These technologies have the potential to dramatically

improve the quality of life of hundreds of millions of people around the world.
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Many assistive tools and devices have been developed to ease the challenges faced by VI people,
ranging from simple clear-path indicators and obstacle detectors, like the white cane or guide
dog, to wearable cameras which can identify objects and read text on a page aloud. Here
we discuss a sampling of relevant assistive devices for VI people, addressing their capabilities
and shortcomings. Following the categorisation presented in Chapter 1, we group the aids by

those that provide long-, medium-, and short-range assistance.

A.1 Long-range aids

Many assistive technologies aim to provide navigational assistance to ease the inherent
challenge of independent navigation for vI people. Successful navigation constitutes two parts:
way-finding, and mobility. Way-finding involves moving to a long-range intended destination,
requiring self-orientation, typically via landmarks and the ultimate destination, route decision,
route monitoring, and destination recognition [190, |. In this section, we discuss long-range

tools to assist with way-finding.

The ubiquity of global positioning system (GPs) and global information system (GIS), particu-
larly on mobile devices, has changed day-to-day way-finding for both sighted and non-sighted
populations. To VI people, however, the visual displays and turn-by-turn instructions of
GPs-based localisation services like Google Maps may not always be accessible. GPs-based
assistive tools have therefore been specifically developed for the vi community. The first

was the Personal Guidance System (PGS) [37, 201] which employed GPs tracking and a GIS
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database to relay positional information about the environment via haptic cues, synthes-
ized speech, and spatialised sound. Similar systems have followed, delivering navigational

instructions and information about the environment via refreshable Braille interfaces and

speech [117, |. These systems were initially developed for portable digital assistants
(pDAs), however, have since been re-engineered into stand-alone devices [1 18] and smart-phone
apps [119, 182, 227, 231].

In addition to providing step-by-step navigational assistance, some aids also focus on exploring
and discovering aspects along the route [72, 90, , , |. Talking Signs |72, | uses
infrared transmitters and directional voice descriptions to guide VI users toward public beacons
and landmarks, for example, restrooms, and entrances/exits. A mobile app, BlindSquare [231],
connects an online global map with FourSquare [96], another app of crowd-sourced check-
in points, and reads information about points of interest (POIs) aloud as the user moves
along their selected route. Other services [90, | provide curated voice descriptions about

architectural and cultural sites around major cities.

Voice descriptions, however, are difficult to i) spatially localise, and ii) disentangle if multiple
POIs are present and described simultaneously. Some aids have therefore shifted to the use of
spatial sound cues as a more intuitive way to guide users to their end destinations [182, , 359).
Autour [182], a mobile app, augments the turn-by-turn directions from a mapping service like
Google Maps with ambient spatial audio cues which reveal information about POIs along the
route—for example, signs, shop fronts, and restaurants. Additional verbal descriptions are
available upon request. Microsoft’s Soundscape [227] does away with step-by-step instructions
altogether, and instead attaches binaural sound cues to beacons which are, in sequence, used

to incrementally guide the user to their destination.

These GPs-based services are useful because they provide global or long-range context about
the environment. They also, however, have their limitations: GPs offers only coarse-grained
localisation accuracy, and has limited functionality indoors. GPs-based devices also require
consistent internet connectivity, which may not always be available. Map and landmark data-
bases must additionally be kept up-to-date, and furthermore, only register static information
about the environment—for example buildings, roads, and shops. This alone is insufficient

for navigation for which an understanding of the dynamic parts of an environment is also
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required—for example, a moving bus, a red traffic light, or a temporarily open man-hole. For
these reasons, VI users often pair GPs-based tools with mobility aids, like a white cane, guide

dog, or others (see Appendix A.2) for hazard and obstacle detection at closer range.

A.2 Medium-range aids

Alongside way-finding, a second component of navigation is mobility. Mobility involves
identifying obstacles and adeptly manoeuvring around them along the route to a destination.
These tasks occur at mid-range distance to the user, and we therefore consider aids for mobility
as medium-range aids. We broadly group these aids into two classes: the first constitutes
simple clear-path indicators and obstacle detectors, and the second constitutes tools which

relay richer representations of the environment, referred to as environmental imagers [105].

The effectiveness of the white cane as an obstacle detector and identifier has inspired many
technological mobility aids, or electronic travel aids (ETAs). These ETAs aim to address
the cane’s primary limitations, namely its proximal range and hence limited information

bandwidth, by employing sonar or infrared technology to detect objects further afield. The

first ETA developed was the Kay Sonic Torch [164], which has been followed by several others:
the UltraCane [312], the MiniGuide [102], the Bat K Sonar Cane [201], the Sonic Guide [165],
the TriSensor |85], the EyeCane [211], and others [8, 18, , , ) , 348]. Alternatives
based on laser technology have also been developed |16, 76]. These aids, a selection of cane-
like and hand-held devices, estimate obstacles’ distance |3, 8, , , | and sometimes
also their azimuthal position [18, 85, ) , ) ) , ) , |, and feed this

information back to the user via (electro- or vibro-) tactile or audio cues. In the simplest
cases, the frequency (pitch, for audio) of the cue is mapped to the user’s distance to the
obstacle, with higher frequencies corresponding to closer obstacles. Its azimuthal position
is conveyed through either where on the device the vibration is delivered [15, , |, or
through spatial stereo or binaural sound [35, , , , , , |. These devices thus
not only extend the reach of the traditional white cane, but also provide information about
off-course and head-height obstructions, which the cane and guide dog do not. Furthermore,

their similarity to the cane may make them preferable options as mobility aids.
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Despite their extended range, however, these devices simply detect the positions of obstacles,
and thus capture only a portion of the full environment. In addition, since they are based
on line-of-sight technologies, the pulse reflections are prone to being blocked or distorted, for
example, by a passing person or opening door. As a result, these aids are insufficient for safely

navigating in all situations.

Much exploration, therefore, has gone into devices which convey the contents of full images of
a scene to VI users |1, 34, 35, 54, , 244]. Pioneered by Bach-y-Rita in the 1960s [34] with a
vibrating pin-array placed on users’ backs to convey simple shapes, these devices have the goal
of substituting vision (or other damaged senses) with an intact sense, and have thus come to be
called Sensory Substitution Devices (SSDs). Research into SSDs has been motivated by findings
in the neuroscience literature which support cross-modality plasticity in the visual cortex of
blind subjects [12, 13, 14, , , 313]. Extending this initial work, a number of works have
investigated “seeing” with vibro-tactile and electro-tactile stimulation applied to different body
surfaces |33, 35, 17, , |, including most interestingly the tongue [356]! Other sSDs have
gone the spatial auditory route |1, 51, |. The vOICe, perhaps the most widely investigated
vision-to-audio SSD, converts a 2D grayscale image of the scene into an audio frequency
spectrum or “soundscape”, played left to right [224]', with other $sDs employing similar
mapping functions from image to spatial audio. Despite the promise of “seeing” with another
sense for assistance with mobility and other tasks, uptake of sSDs in the VI community has
been low [105, ) |. This is because extracting task-relevant information and intuitively
mapping it to another sense is difficult, and the alternate representations take a long time for

VI users to learn [105].

Navigation, however, is a 3D task and is often carried out in dynamic environments. ETAS
capture only slices of 3D environments [102, , , , |, and most of the SSDs
transform static 2D images of the environment |1, 54, |, without accounting for depth
or temporal information. To address this, range sensors have thus been paired with optical
cameras to extract 3D information about environments for the purposes of Vi mobility
assistance [215, 271, , 359, 376]. Yuan and Manduchi [376] employ structured light to detect

the presence of obstacles, steps, and drop-offs which are then relayed via audio cues, similar to

' A real-time web-cam demo is available at www.seeingwithsound.com
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the ultrasound-based ETAs of [35, , , 204]. Others employ visual SLAM [215, , 272]
to fuse camera pose estimates with dense 3D data from stereo triangulation to build a map of
the user’s local surroundings. Localising a user relative to the map, and updating this map as

the user moves, therefore, allows for nearby obstacles to be detected [215], and steering cues

can thus be delivered to guide users around them [272].

The proliferation of range sensors, particularly on mobile platforms, as well as high-fidelity
real-time SLAM algorithms [189, 240, 274, 352] and semantic understanding abilities [108], is
opening the door to the improved mapping and understanding of 3D environments. This is
promising for VI assistive devices which will need to deliver navigation-relevant information

about 3D environments at a high frame rate in order to provide mobility assistance.

A.3 Short-range aids

Interactions with objects and people characterise most of our day-to-day activities. For
the VI community, these interactions present many challenges, from reading small text on
a medication box, to setting thermostat controls on a home heating system, to recognising
people in public spaces. A range of assistive tools, therefore, have been developed to help vi
people with these short-range, interactional tasks. Below we discuss these aids, grouped by

those for users with low vision, and those for users with no vision.

Low vision aids Low vision aids aim to augment what remains of a user’s sight to facilitate
easier interaction with objects and people. Most do this via magnification /zoom features, which
enlarge text [315], screens [97, 99| or scenes |74, 86, 119, 246]. Others aim to filter the scene
in meaningful ways, for example, by reducing background clutter, or highlighting objects in
the central/peripheral FOV |36, 246, 246, 252|. NuEyes [216], IrisVision [119], and eSight [30],
for example, are wearable headsets with zoom functionalities, with the additional ability to
manipulate the colour, focus, and contrast of the incoming video. OXSIGHT’s Crystal [252]
provides similar functionalities through a pre-specified set of filters which highlights salient
parts of the scene, for example by increasing contrast, cartoonising the image, or stripping out
colour. The enhanced image is then projected onto the headset’s lenses in real-time as part
of an augmented reality display. These aids, therefore, assist with many short-range tasks,

including reading, identifying people and their emotions/gestures, and locating objects.
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No vision aids Low vision aids rely on a degree of existing vision which is not be the case
for all in the VI community. Here, therefore, we discuss aids for interactional, short-range tasks
which assume the user has no vision. These aids can easily be used by both partially-sighted

and fully blind individuals alike.

Accessing written information is central to many of our daily short-range interactions, and is
a core challenge faced by VI people [307]. Historically, Braille has been used by v1 people to
read, however, in recent years its usage has declined [355]. This is attributed to Braille’s steep
learning curve, the fact that Braille translations may not always be available, and the ubiquity
of digital content, for which text-to-speech engines and screen reader software are nowadays
highly effective. Reading printed information, however, remains a challenge for VI people, with
difficulties often reported with reading instructions on medication boxes and food packaging,
information on voting ballots, and information from banks and healthcare providers [307].
Tools which assist with these tasks typically rely on OCR technology: they work by capturing
printed text or handwriting as an image, and then relaying it to the user via synthesised
speech, or a refreshable Braille display [216, , , |. Advances in OCR have made it
possible to handle menus, bank statements, credit cards, and other formats, however some
cases still present difficulties, for example complex formatting, or when multimedia content is
present. OCR-based tools are also generally not suited to longer-length pieces of printed text,
for example, books, magazines, and newspapers. Instead, expansive libraries of large-print,
audio, and Braille resources exist, often provided at no cost [292]. In the case of audio
resources, technical standards have been developed to formalise the conversion to audio [71],

with both audio playback software and purpose-built hardware in popular use [273, , |.

Our daily interaction with technological devices like mobile phones, laptops and computers,
has made it important to consider their accessibility to vI people. Screen readers—platform-
specific software packages [23, 26, 98] which relay the content and layout of a digital screen as
a user interacts with it—have filled this need, and are one of the most commonly used tools
for accessing digital information by v1 people [307]. Like the OCR-based tools, feedback is
typically delivered via synthesised speech, or a refreshable Braille display. In this way, tasks
like emailing, web browsing, accessing documents, and navigating the devices, can easily and

independently be done by VI people. Screen readers, however, are limited by their prescriptive
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set of actions. Furthermore, the increase in digital information with integrated multimedia, like
images and videos, and highly-formatted visual displays, particularly online, poses challenges
for screen readers. While some websites have accessible versions with which screen readers can
interface (for example some social media platforms allow textual descriptions to be uploaded
with an image or video), these are expensive to develop, and as a result, are not always

available.

Digital devices are not the only types of objects with which we regularly interact. Consider,
for instance, the home environment: we heat our food in a microwave, we do our laundry using
a washing machine and dryer, and we watch the television or listen to the radio. To cater for
VI access, therefore, many household devices and appliances ship with accessible features. In
the kitchen for instance, a host of “talking tools” have been developed: a verbal tin tagger to
locate a specific tin at a later stage, an audible/vibrating tool to measure the liquid level in a
mug or pot, a metal disc to alert the vI user when the water has boiled, and talking kitchen
scales, microwaves, hobs, and ovens, all relaying interface information via synthesised voice
descriptions [293]. Beyond the kitchen, other products include talking clocks and calendars,
hand-held colour and light intensity detectors, and devices which allow voice recordings to
be attached to sticky labels and placed on objects, food, and clothing, for later playback.
Many televisions and radios also have features which read out on-device information such
as channels and menus using voice-over technology. Each of these aids, therefore, conveys

fine-grained information about objects and allows VI users to operate and interact with them?.

For entertainment, many television programmes and films are also accompanied by audio
descriptions which verbally narrate the visual content?®. This goes beyond closed captions
which simply convert the spoken portions of the programme to text. Additionally, podcasts
and music streaming services have serendipitously provided alternate routes of information

delivery and entertainment for the vi community.

Fusing many of the functionalities offered by the above aids, and leveraging recent advances in
machine learning, computer vision, and natural language processing (NLP), a host of aids with

basic capabilities in speech, object recognition, and scene understanding are now available.

2For a full scope of available products see www.shop.rnib.org.uk.
3UK regulations require at least 10% of programming content to be available in audio-described format.
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One of the most widely know is Microsoft’s SeeingAI [2206], a camera-based mobile app that is
able to i) recognise and describe people nearby including their emotions, ii) describe the user’s
surroundings, iii) describe perceived colours, and iv) identify currency bills, along with reading
out printed and handwritten text using standard OCR. Other mobile apps like Tap TapSee |67]
and iDentifi [328] perform object recognition on an image or video segment, and deliver
spoken descriptions of the visual contents, including details like brand and colour. Wearables
like OrCam MyFEye?2 [219] and CyberEyez |71] offer similar capabilities but in the form of
a wearable headset or pair of spectacles, allowing for complete hands-free operation. These
wearables, however, are generally not as affordable as a mobile app. In addition, advances
in NLP and speech processing have spurred the development of home voice assistants like
Google’s Home [111] and Amazon’s Echo [11]. These assistants control appliances around
the house, purchase supplies, play the news, podcasts, and audio-books, manage calendars
on behalf of the user, and thereby, as a fortuitous by-product, can assist with some of the
in-house challenges faced by VI people |11]. They, however, do no visual processing of the
scene, and are also not portable. This limits their use cases to only specific scenarios for Vi

people.

The dynamic environment and range of possible tasks makes it difficult for these assistive
devices to work in all cases. Mobile services like Be My Eyes [39] and Aira [7] address this
by pairing sighted human helpers with VI video callers via a live video connection. In this
way, real-time human assistance is provided across a great diversity of tasks. These services,
however, rely on around-the-clock human helpers who may need to be formally trained, which
can be expensive and time-consuming. With recent advances in machine learning, computer
vision, and NLP, it is therefore a promising direction that one day these human assistants
may be replaced by data-driven models with similar capabilities, thus allowing some of these
issues to be circumvented. These data-driven assistive tools hold great promise for the VI

community, not only in helping with short-range tasks, but with many others too.
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