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Abstract

A grand challenge in human-computer interaction (HCI) is constructing user in-
terfaces (Uls) that make computers useful for all users across all contexts. Conven-
tional UI development processes have approached this goal by iteratively converging
towards a single “final” Ul through prototyping, implementation, and testing. How-
ever, even when following best practices, this approach locks in a set of assump-
tions that often cannot accommodate the diversity of user abilities, usage contexts,
or computing technologies, ultimately limiting how we can use computers. In this
dissertation, I propose a new approach that uses machine-learning-driven systems
that automatically understand and manipulate existing Uls as a way to overcome
this challenge. Using content and functionality inferred from an existing applica-
tion, combined with sensed usage context, the UI can be dynamically tailored to the
immediate needs of use, e.g., through interface adaptation or generation.

The work presented in this dissertation represents the initial technical foundation
for this vision. First, I describe approaches for understanding user ability and context
(user understanding), which HCI suggests is the basis for building good interfaces. I
describe a recommendation system that recommends device settings (e.g., accessibil-
ity features) based on sensed usage behaviors and user interaction logs. While users
often found these suggestions helpful, this approach of adapting interfaces through
configuration changes has traditionally been limited, since applications often do not
properly expose their semantics to external services. To this end, I describe several
projects in the area of Ul understanding, which shows that it is possible to overcome
this barrier using data-driven ML models that predict interface layout, structure, and
functionality from visual information, which is how Uls are generally assumed to
be used. These predicted semantics can enable many forms of existing computing
infrastructure, such as accessibility and Ul agents to work more reliably and ro-
bustly. Finally, I combine both user and UI understanding to dynamically generate
and adapt Uls that meet the specific needs of users. I describe ML-driven systems
that generate Uls by modifying existing application layouts and generating UI code
based on personalized user profiles and design objectives. Ultimately, through my
work, I show that computational understanding of user interfaces allows Uls to be
transformed from static objects into malleable representations that can be dynami-
cally reshaped for new devices, modalities, and users.
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we can generate code for a Ul from its screenshot. Generating code from the
hierarchy rather than the layout ensures that it is responsive across screen sizes,
and we show the same output code rendered on different device form factors. Our
example application may produce some errors due to missing style information
(a,c)orinaccurate OCR (b). . . . . . . . . .. . . .. . . . o 75
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number of swipes needed to reach it using a screen reader. Elements groups are
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Architecture of our Never-ending Ul Learner. The Never-ending Ul Learner
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architecture. The crawler coordinator distributes crawls to workers and maintains

the dataset. Each crawler worker is connected to a programatically controlled
mobile device which collects data and runs data post-processing. . . . . . . ... 83

This gure visualizes the steps to our tappability heuristic. When the crawler
arrives at a new screen, it takes two screenshots separated by 5 seconds as a
baseline of visual change. Then, a detected Ul element is chosen and sent a tap.
After waiting for the screen to settle, a post-interaction screenshot is used to infer
the effects of theaction. . . . . . . . .. .. .. ... .. 87



6.3

6.4

6.5

6.6

6.7

6.8

6.9

7.1

Architecture of our tappability model. The tappability model is designed as a
“head”, which is a sub-network of the Ul element detection model. The element
detector featurizes image regions in an input screenshot using a sliding window,
which results in a featurized image embedding for each detected object. The
main branch of the network (top) feeds in the embedding to determine the re-
gion's element type and position. We feed in the same element embedding into a
separate feedforward network (bottom) to predict the probability that it is tappable. 89

Performance of tappability over time. The model performance increases most
rapidly during the rst crawl epoch and the rate of improvement plateaus after-

ward. After the nal epoch, the random crawler achieves the highest F1 score of

0.860, and the uncertainty sampled crawler has the lowest F1 score of 0.853. . . . 90

This gure illustrates the draggability heuristic. The heuristic uses a pre-drag
image (center) which was taken before the interaction, and a post-drag image
(right) which is taken near the end of the drag interaction, before the “ nger”
leaves the screen. A template image is created from the dragged element (left).
The heuristic nds the location of the template in the post-drag image to infer
draggability. . . . . . . . 92

Architecture of our draggability model. Similar to the tappability model, the
draggability model uses embeddings from the element detector. To give the drag-
gability model additional context (e.g., presence of partially occluded elements),

all elements on the screen are simultaneously fed into a single-layer transformer.

The resulting contextual embeddings are used to predict draggability probability. 93

Performance of draggability over time. Similar the tappability model, the drag-
gability model improves the most during the rst crawl epoch and the rate of
improvement plateaus afterward. The hybrid strategy crawler achieves the high-
est nal F1 score of 0.797, and the uncertainty sampled crawler has the lowest
Flscore of 0.770. . . . . . . . . o 95

Architecture of our screen similarity model. The screen similarity determines
if two input screenshots are variations of the same Ul by i) featurizing each
screenshot using a CNN ii) comparing their Euclidean with a threshold value. . . 97

Performance of screen similarity over time. We compared i) adding training
examples mined from crawls and ii) a baseline of continuing model training on

its original dataset with a lower learning rate. The crawler-augmented dataset
achieved a nal F1 score of 0.663 while the baseline's nal F1 score was 0.659. . 99

Re ow (i) detects Ul elements from pixel§j) optimizes the Ul layout for a
personalized dif culty model, and thefiii) re-renders the visual Ul with the
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Introduction

What are computers going to look like in the future and how are we going to interact with them?
There are many visions imagining how computers of the future will be more natural to use, more
personalized, more adaptable, and more context-aware. The ultimate goal for computers is to
allow users exibility in interacting with digital information, whoever they are and wherever
they are.

However, many of today's user interfaces (UIs) are not yet ready for this future. A lot of
the functionality that we use computers for are locked behind manually-designed Uls built for a
rigid set of assumptions. For example, Uls are often designed for speci ¢ device hardware, and
running Uls designed for mouse-based input on touch-screen devices could substantially impact
their usability. Today's Uls also make a lot of assumptions about users, and many non-experts

nd applications hard to use or hard to learn. Uls are often not created accessibly, with research
estimating that over 60% of mobile apps have various accessibility errors [255, 331]. This leads
to barriers for many users, for example those who can't see or have some other accessibility
needs. Even when we've developed other programs like assistive technology and development
tools to address some of these problems, they often don't work with Uls that are missing the
required APIs and toolkit support. These are just a few examples of the assumptions that are
baked into Uls today that limit how we can use computers.

A grand challenge in the eld of human-computer interaction (HCI), is overcoming these bar-
riers, and striving towards the goal of making computer interfaces useful for all people, across
all contexts. One reason this is hard is because today, when most Uls are manually designed and
compiled into an application, there's no good way for us to dynamically change them. Conven-
tional Ul design processes [46] often advocate for identifying and resolving all possible require-
ments at design-time, guided by an iterative process of sketching, prototyping, and user testing.
The goal of this idealized process is to converge on a single interface or other type of “deployed”
artifact that is expected to be interacted with in pre-veri ed ways. However, this is exceedingly
dif cult and time-consuming to manually design a single “optimal” Ul because of the trade-offs
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that go into designing for different scenarios and the mismatches between expected and actual
usage conditions.

In this dissertation, | investigate approaches for computationally understanding Uls and how
they are used, with the goal of using this understanding to dynamically improve them. | present
work in three aread) modeling usage and accessibility needs to recommend potentially bene -
cial interface settingsi) building models and systems that can understand and operate existing
Uls on the behalf of users, afig techniques for automatically adapting and synthesizing alter-
nate interfaces.

Computational understanding of user interfaad®ws Uls to be transformed
from static objects into malleable representations that can be dynamically reshaped
for new devices, modalities, and users.

1.1 Document Organization

This dissertation presents several projects that advance this vision of using computational under-
standing and improving Uls. In Chapter 2, | rst contextualize my work by reviewing relevant
prior research, focusing on methods for Ul adaptation and computational Ul Understanding. |
then present three areas of work that comprise my main apprgagser understanding) Ul
understanding, anid) Ul generation.

First, | investigateuser understandingwhich focuses on modeling usage needs from ob-
served behavior and natural interactions. Chapter 3 presents a system that recommends poten-
tially bene cial OS features and settings as a mechanism for transforming the appearance and
behavior of existing apps based on observed usage behavior.

Most infrastructure for programmatically interfacing with applicationg(OS features, de-
velopment software, and personal assistants) rely on developer-de ned metadata and application
programming interfaces (APIs), which are often unavailable. The next part of my dissertation
focuses orUl understandingwhich aims to enable machines to more reliably understand and
operate Uls. In Chapters 4, 5, and 6, | introduce machine learning-driven systems that predict
semantic information and operate existing apps using the same ways humans are assumed to
interact with Uls — through visual perceptiare(, screenshot) and touch input.

Finally, I combine computational understanding of user context and Uls to improve expe-
rience throughJl generation Chapter 7 presents a system that optimizes existing app layouts
based on user calibration data to improve target acquisition time. Towards the goal of dynami-
cally synthesizing new customized interfaces, Chapter 8 and 9 presents machine learning meth-
ods that improve the syntactic correctness and design quality of Ul code generated by generative
models, such as large-language models (LLMs).

Chapter 10 concludes this dissertation by discussing the contributions and impact of my work,
and opportunities for future research.



Related Work

In this dissertation, | present new approaches for improving human-computer interaction by mod-
eling how Ul content and functionality is displayed based on user needs and context. My work
builds on a prior approaches to Ul adaptation that generally fall into two categpretsategies
applied during Ul development.€., pre-deployment) and) strategies applied during runtime
(i.e., post-deployment). | rst review these prior approaches and argue that many of them face
drawbacks, either due to lack of widespread adoption or due to compatibility limitations.

My work focuses on building machine-learning models that enable Ul adaptations to be dy-
namically applied to any Ul, usinj user understanding) Ul understanding, aniil) Ul gener-
ation. To provide technical background behind my proposed approach, | review prior literature
related to each of these three areas.

2.1 Prior Approaches to Ul Adaptation

A long-standing challenge in HCI is constructing Uls that can serve users in different contexts
and of different abilities. There have been several threads of research aimed at achieving this
goal, which | categorize by the stage of Ul development at which they are applied.

2.1.1 Strategies During Development

Currently most Uls are manually designed and developed by humans before they are deployed
to end-users. Because Uls typically cannot be easily changed after deployment, designing an
interface that works well for all users is dif cult. Approaches such as Universal Design [200]
advocate for a “one size ts all” solution sometimes face trade-offs that can degrade the experi-
ence of marginalized and disabled users. In this section, | review design strategies and technical
solutions for developing Uls that can adapt to end-user needs.
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Adaptive User Interfaces

Adaptive user interfaces (AUIS) can improve user experience by automatically adapting how
information and functionality are presented in a user interface.

A major challenge of AUIs is that their the dynamic nature and potentially numerous varia-
tions make them challenging to author. Prior research has focused on introducing methods for
more ef ciently de ning adaptive behavior. One approach is to develop tools and frameworks
that contain pre-programmed logic for common adaptive patterns. For example, many commer-
cial tools (e.g., Dreamweaver[5], WebFlow [301]) and frameworks (e.g., Bootstrap [38]) contain
ready-made templates for adapting a website to mobile and tablet form-factors. Previous work
has developed similar software frameworks to support context-awareness [76, 188], user behav-
ior [107], and mixed-reality [152] Uls by providing developers with pre-built, composable mod-
ules for sensing, recognition, and adaptation. Model-based approaches have also been developed,
which provide higher-level abstractions of widgets and behavioral patterns common in ubiqui-
tous [237] and multi-device computing applications [213]. Finally, other development environ-
ments have been developed to simplify the authoring process, authoring using programming-by-
demonstration (PBD) and programming-by-example (PBE) techniques [154, 195, 308, 309, 319]

Other development approaches have used objective-based optimization to automatically adapt
Uls by searching for layouts that optimize prede ned metrics [89, 99, 216, 233]. The ARNAULD
and SUPPLE [99] systems, enable developers to specify a high-level, formal de nition of their
Ul that is used for dynamic generation. During runtime, these systems use an optimization
algorithm that makes rendering decisions based on an objective function that captures user pref-
erences or abilities. Similarly, recent approaches for the 3D placement of Ul widgets in mixed
reality applications applied optimized layouts based on the semantic properties of Uls [60, 190]
and developer-tuned objective functions [85] such as reachability, visibility, and consistency.

Ability-based Design

A broader view of developing Uls for different user groups involves adopting a more inclusive
stance on design. Ability-based design is a design process that focuses on the ability of users
during the development process which allows better experience for diverse users [307]. The
simplest but perhaps most effective approach is to create a new Ul for each user group. Simple
Finder is an alternative app to navigate the Mac OS lesystem that was designed for young kids
and elderly, which is easier to learn due to its distilled functionality. Additional measures can be
taken to associate different versions of the interface with automatically-sensed context, such as
mobility and motor impairment, which can improve end-user experience [145] However, even
with best development practices and decoupling, implementing this may require a lot of effort.
There has been research in automating certain aspects of ability-based design, which often co-
incides with the previously described literature on AUIs. SUPPLE, previously described as an
AUI generation toolkit, has been speci cally applied to personalize interfaces to facilitate faster
access and lower error [103]. Experimental results of the system has shown encouraging results
for optimizing application mockups for low-vision and motor impaired users [102]. Other exam-
ples of ability-based AUIs have also been constructed to provide accessibility bene ts to older
adults with motor and cognitive impairments [258]. While development strategies Ul adapta-

4



tion allow greater control and control, there they present several challenges as well. Despite
these potential bene ts, AUIs and ability-based design techniques, in general, have seen limited
adoption in most real-world applications. Fundamentally, strategies for Ul adaption during de-
velopment place additional burden on designers and developers, who may not be knowledgeable
about these approachesd.,due to low awareness) or lack the motivation to implement these
practices. Adaptive Uls that need to be built from scratch, using speci ¢ Ul toolkits, and with
speci ¢ requirements on developers, is severely limiting in practice. In addition, even if adop-
tion were to improve going forward, these approaches cannot address the substantial legacy of
existing applications which have already been created and released.

2.1.2 Strategies During Runtime

In contrast to the aforementioned development strategies and toolkits, another class of approaches
aim to apply change the ways existing Uls are used during runtime, often through external tech-
nologies. Here, | describe two classes of runtime strategiesess technologieendinterface

repair techniques.

Access Technologies

Access technologies are tools or software that help individuals with disabilities access access
computers, often by providing an alternate channel for how content and functionality are pre-
sented to the user. Through the lens of Ul adaptation, the alternate interaction channel provided
by these technologies can also be seen as a type of adaptation enabled during runtime.

Some types of access technologiegy(,alternative input and output hardware for comput-
ers) are traditionally recommended to users by human experts or through recommendations of
medical professionals. For example, assistive Technology (AT) specialists can be employed
as consultants to provide guidance on making contemnyf,(educational curriculum) accessi-
ble [48]. Physicians or therapists may also provide guidance on using assistive technology as
part of rehabilitation therapy [11, 66], although this sort of support is not available to everyone
who could bene t from accessibility features. Such matching is typically done in specialized
environments and is costly in terms of time and money. Access technologies tend to have low
adoption rates [68], perhaps because potential users do not have suf cient time to see how they
would work into their daily lives. Other types of access technology are more readily available,
such as the accessibility software installed on commodity devices. In these cases, a barrier to
adoption is end-users' lack of awareness. For example, many people who could bene t from
accessibility features on mobile devices they may already own may not know to seek external
help or have access to it.

Interface Repair

Related to access technologies mterface repairtechniques that alter existing applications to
better suit use-cases that were not appropriately considered in their original design. For exam-
ple, Genie [277] is a system that re-targets WIMP-style web applications so that they can be
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controlled using voice commands. Similarly, other techniques [143] make it easier to re-de ne a
GUI layout in a way that is responsive to display parameters such as screen size.

Another class of interface repair strategies focus on describing or remapping parts of a GUI
application. Interaction proxiesapply runtime modi cation to existing mobile apps by “repair-
ing” inaccessible or dif cult-to-use Ul elements [330]. Interaction proxies and other approaches
that apply input/output redirection [274] use specialized Ul elements to re-render parts of the
original Ul while maintaining interactivity. Similarly, Prefab enables custom interaction tech-
nigues é.g, target-aware pointing) for desktop applications through pixel-based identi cation
of user interface elements [77]. The underlying techniques used by these repair strategies often
focus on template-based pixel matching, which can be used to identify widgets in existing GUI
applications when accessibility metadata or developer-provided APIs are unavailable. These
same techniques are sometimes also integrated into various access technologies [263] and end-
user scripting systems [325].

2.2 Computational Ul Understanding

Ul adaptation strategies applied at runtime are promising because they are able to work with a

larger range of applications without need for developer intervention. However, their adaptations

and utility often limited by the amount of semantic information provided to them by applications.
The work in this thesis is aimed at applying computational approaches such as machine learn-

ing to understand more about Uls and how they are used dwimgne ultimately leading to

more bene cial adaptations and user experience. In this section, | review prior work for this

modeling task in three categoriasuser understanding) Ul understanding, anii) Ul gener-

ation.

2.2.1 User Understanding

Understanding the context of how Uls are used is central to identifying what kinds of adaptations
are bene cial to apply. There are many factors that in uence the usability of a Ul, and many
strategies can be applied to both sense them and map them to bene cial adaptations [1, 76]. In
this section, | focus speci cally on two areas that are most relevant to the work presented in this
thesis:i) “screening” approaches for medical and accessibility needs)atmlich interaction of
mobile applications.

Automated Screening

As previously mentioned, a challenge for many types of access technology is the need for users
to be matched with AT that they could bene t from, but not know about them otherwise. Recent
work has started to explore how to “detect” whether someone is likely to have a particular con-
dition, which could be used to recommend that they consult an expert or even try out a particular
assistive technology.

Many mobile health sensing efforts have focused on providing low-cost alternatives for mon-
itoring chronic symptoms, such as asthma [161] and cystic brosis [115], or building mobile
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“screening” applications for detecting medical conditions [70, 294, 297]. Some screening appli-
cations reduce the dependence on a specialized procedure and involve completing a task, such
as playing a game, or leveraging interaction data with specialized egpghoto browser, lock
screen) [238, 250, 251, 285]. A drawback of many of these approaches is that they require active
intervention on the user's par.Q.,opening an app and performing a specialized screening pro-
cedure). Many users, especially users who are less tech-literate, might not think to download and
run screening tools or enable readily-available access technolegies¢cessibility features).

Modeling Touch Interaction

An alternative to screening-based approaches is to model user needs from natural usage behav-
iors. Unlike automated screening wizards which require users to actively answer questions, some
types of usage needs could be sensed proactively from natural usage behavior. Touch interaction
can be analyzed using existing models of cursor-based selection [201], which has been extended
to the touch screen [32]. During Ul development, this type of analysis gives recommendations
about the relative size and spacing of Ul elements on touch-based apps. Similar interaction mod-
eling techniques have also been used to apply personalized runtime changes by adaptive toolkits,
such as SUPPLE [99]. Other work has focused on properties speci ¢ to touch interaction, such
as the effect of the nger choice on selection accuracy. As examples, touch input is imprecise
due to factors such as nger deformations (i.e., the “fat nger” problem [293]), occlusions when
the hand covers up Ul elements [126, 127], and varying nger-to-screen ratios [29]. Some of
these factors are spatially dependeng(,the nger occludes more of the screen when it makes
contact with the touchscreen at an extreme angle). Prior work [163] has analyzed common hand
postures used to grip a smartphone with one hand and characterized the region of the phone that
could be comfortably reached. Mayer et al. [205] give further evidence through their analysis
of 45 million touch events collected during touch-based gameplay, where they identi ed a re-
gion of the screen most likely to be comfortable to tap, known as the “sweet spot.” The ndings
from prior work suggest that user modeling methods could be used to inform either manual or
automated design decisions, such as Ul layoet, (he position and size of Ul elements).

2.2.2 Ul Understanding

Insights from user and context modeling approaches can lead to many adaptations that enhance
user experience. However, because most existing applications do not readily expose their under-
lying semanticsi(e., content and functionality), it can be dif cult to apply these adaptations. In

this section, | review approaches for Ul understanding which aim to reliably predict this infor-
mation from existing applications.

Template-based Reverse Engineering Uls

One way to understand the content of Uls is to attempt to “reverse-engineer” various semantic
attributes from visible information presented by the aipp,(pixel information). In this section,
| focus on reverse-engineering methods that focus on template-based approaches.
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As described earlier, Outspoken [263] was of one the rst screen readers that supported GUIs,
which required it to describe both text and graphical elements of the screen. To process icons and
other pictorial elements, the system maintained a database of graphical elements (paired with a
verbal description) and matched on-screen elements to descriptions of similar items.

Similar methods can also be used to extend existing GUI applications. A common approach
to interface with applications without an application programming interface (API) is to de ne
“macros” that automate sequences of key-strokes and mouse movements. To acquire interaction
targets, many automation toolkits provide functions for searching the screen for pixel values
and returning their coordinates [19]. Sikuli [325] and PAX [49] are systems that improve the
localization of targets by supporting more advanced matching technigue®{tmap matching
and heuristics) and combining hierarchical information extracted from an external source, such
as the system window manager. Elements localized using pixel-based methods can also be used
to modify apps at runtime [77], and previous work has investigated the benet of hierarchy
prediction (using heuristics) for this use-case.

Datasets for Ul Modeling

Template-based approaches have limited accuracy and robustness, since there is a large diversity
of apps that have different visual appearances and designs. To improve accuracy and robustness
of template-based approaches, many Ul understanding approaches rely on data-driven modeling,
such as machine learning.

Several datasets have been collected for this purpose. Many of these datasets have been
focused in the mobile application domain. The Rico dataset is a large dataset of 72,000 mo-
bile Uls and associated metadata including view hierarchies, screenshots, and user interactions,
collected from 9,700 publicly available Android apps [72]. The FrontMatter dataset uses static
analysis techniques to predict the purpose of Ul elements by determining which system APIs are
invoked [157]. Large datasets like these have enabled ML-based methods which can perform var-
ious tasks involving mobile Uls, including providing accessibility annotations [180, 312], giving
design feedback [132, 262, 276, 326], suggesting common interaction ows [334], summarizing
screens [296], automating interaction with Uls [18, 179, 264], and creating rich embeddings of
Ul image and text data for other downstream tasks [21, 122, 176].

Predicting Screen Semantics

These large-scale datasets of Uls have enabled more sophisticated approaches to predict screen
semantics used machine-learning models.

Related to the template-based approach used by Outspoken [263], recent screen reader tech-
nology [54, 331] uses deep convolutional neural networks to generate element descriptions and
other accessibility metadata. Several models [54, 92, 207, 327] have also been trained to predict
the semantics of unlabeled icons found in mobile apps. These models can be applied to improve
the accessibility of mobile apps, either as a tool during design time or as an automated system
that repairs existing apps at runtime. Most of these models map Ul elements to a pre-de ned
set of classese(g. Ul element and icon type), which may exclude less common components.
Recent research applied few-shot learning techniques to allow new classes of semantic classes
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to be dynamically considered after the primary phase of model training [56]. Another class of
approaches have aimed to reduce the need for large manually-annotated datasets by training Ul
semantic models using self-supervision [72, 97, 176]. Screen2Vec [176] and other pixel-based
autoencoders [72, 193] map Uls to xed-length embedding vectors which can be used to repre-
sent semantic properties. The Pixel-words model [97] employs a transformer model architecture
and masked training objective based on prior work in NLP [75].

In general, advances in machine learning approaches for Ul semantic prediction have led to
improvements for many downstream tasks, such as design assistance [167, 193], accessibility
improvement [331], and task-oriented systems. A subset of these approaches have focused on
translating hand-drawn wireframes to GUI code. These tools [160, 305] are useful for designers
who wish to quickly sketch and prototype possible Ul layouts. A more complex version of this
task is generating code from complete Ul screenshots, as it requires that the system handle the
stylistic and structural variation present in real-world app screens. REMAUI [220] is a system
that uses heuristics to combine OCR detection results and cropped patches from the original
screenshot to generate working Ul code. Pix2Code [28] is an end-to-end code generation model
that uses a CNN encoder to encode a screenshot and a RNN decoder to generate code. UI2Code
uses a similar architecture to generate a “GUI Skeleton” from a screenshot [53] that describes
the relative positioning of Ul elements.

Predicting Ul Interactions

Many of the previously described machine-learning approaches for predicting Ul semantics fo-
cus on information related to a single Ul state. However, Uls are dynamic objects that often
encode how users can interact with them to achieve some higher-level.goatteraction se-
mantics. Examples of interaction semantics are predicting element tappability [262, 276] and
screen “ ngerprinting” [91]. Previous approaches of training models on large human-annotated
datasets of Ul screenshots have been shown to be ineffective, since human annotators are often
confused by ambiguous visual signi ers [262]. More recently, Reinforcement Learning (RL)
has been applied to model user interactions with both physical and digital interfaces. Oulasvirta
et al. proposed a general framework based on RL of how users incorporate cognitive facilities,
their experiences, and their environment in understanding and interacting with computers [230].
Under this context, an important part of knowing how to interact with an interface is by under-
standing its affordances. Affordances are the functional properties of an object (e.g., Ul) that
suggest how it should be used [226], and designer commentary suggests that design patterns can
make affordance discovery more dif cult. Liao et al. used a virtual robot agent equipped with
sensors to simulate and learn how humans may discover affordances in physical interfaces (e.g.,
buttons and sliders) [185].

A promising direction for training Ul understanding models is to similarly learn about Uls
through sustained, potentially endless interaction. This approach is related to active learning
(speci cally online active learning), which is a eld of ML that seeks to improve models using
only a limited number of human-labeled examples [110]. These approaches often identify and
prioritize dif cult or representative examples to produce the best possible model from a small
dataset. Another related approach is Never-Ending Learning, which is an ML paradigm for cre-
ating systems that continually learn from acquired experience rather than a single dataset. It was
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rst applied to web-based knowledge using the NELL system [210]. The system has been run-
ning for prolonged periods of time (years) and has accumulated over 50 million beliefs (i.e., hy-
pothesized knowledge snippets), which is possible only by processing large amounts of data that
are prohibitively expensive to annotate. This learning approach introduces unique challenges,
such as the need to learn from new data while retaining previously acquired knowledge. There
are several techniques in the literature that can be applied to retain previous knowledge that in-
volved i) regularization [148, 183], ii) rehearsal-based approaches [248], and iii) techniques that
address task-recency bias [47].

To summarize, these approaches may not only be useful for learning to predict Ul affor-
dancesi(e., interactions supported by a Ul screen) but for developing a more sustainable and
accurate method for learning Ul semantics through self-guided exploration, rather than manually-
annotated data.

2.2.3 Ul Generation

Computational understanding of both a Ul's usage contest, iser understanding) and con-
tent/functionality {.e., Ul understanding) opens up new opportunities to incorporate this infor-
mation when generating more optimized interfaces. In this section, | review prior work related
to automated Ul generation.

Prior Approaches to Ul Generation

Much of the prior work in Ul generation is intended to support the Ul design and authoring
process, although similar techniques could potentially be applied at other stages of Ul use. A
common approach to Ul generation to use an optimization to generate a Ul that maximizes an
objective function. Sketchplore [287] and Scout [278] were Ul prototyping/design tools that inte-
grated a layout optimizer to generate design suggestions. Simlar approaches have been integrated
even earlier in the design process (e.g., to produce diverse starting points) [69], and have even
been used to re ne existing designs [80, 314]. Neural networks have also been used to complete
partially complete layouts [178] and generate layouts “from scratch” [171] or other conditional
input [59, 172].

Instead of generating Ul code from abstract speci cations, other approaches used existing
sketches or Ul mockups as input. SILK was an early system that used computer vision methods to
detect sketched elements and translate them to code implementations [160]. Recent approaches
have built on this approach by applying more sophisticated methods of inferring Ul layout and
hierarchy from visual input [28, 53, 166, 313]. Systems that rely on visual input may still in-
troduce a usage barrier because it requires a screenshot or Ul mockup as input. An alternative
is language-based code generation, which can be more appropriate for early-stage design explo-
ration or novice use. Several systems have been developed to retrieve relevant Ul exemplars [40]
or code [254] from databases using natural language requirements [150], descriptions [133], or
conversation [261, 288]. Brassau [94] is one example of a system that retrieves then modi es
existing Ul templates for constructing on-demand GUI interfaces for voice interfaces.

Instead of generating or retrieving Ul layouts, another approach is to rst generate code and
then use a Ul toolkit to render the resulting Ul. Model-based Ul (MBUI) development is an
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example of an approach that converts high-level speci cations of a Ul's properties or data into
lower-level code. MBUI has been successfully applied in many applications, especially for auto-
mated interface generation [242], simplifying the implementation of complex adaptive Uls [221],

or personalizing Uls [302]. While MBUI is useful for organizing requirements and functional-

ity [236], it can be dif cult to translate existing manually designed layouts into speci cations
expected by the code generation system [2]. To this end, recent advances in large language mod-
els (LLMs) are promising in that they are generally trained on large amounts of natural-language
text and code. Yet, generating Ul code using LLMs is dif cult, due to challenges associated with
code generation in general [57], and especially poor representation of Ul languages in publicly
available training data and evaluation benchmarks [151, 215].

Ul Quality Evaluation

One way to improve Ul generation techniques is to develop more methods for evaluating output
guality. Methods for accurately assessing Ul quality could be applied in several ways, for exam-
ple,i) an objective function for optimization techniquéy,a “reward model” to train generative
model, andii) a mechanism for ltering model output.

Traditional Ul evaluation, initially rooted in heuristic evaluation and established guidelines [139,
225], has evolved signi cantly over time. The development of automated metrics marked a tran-
sition towards more objective and scalable Ul assessments. Early work like ARNAULD [100]
collecteduser preferenceabout speci ¢ outcomes to automatically learn and tailor a cost func-
tion for Ul assessment and adaptation. tLight [209] continued this vision and presented eight
automatic metrics for evaluating graphical user interfaces' aesthetics, demonstrating their ef-
fectiveness on desktop and mobile platforms. Progressing further, researchers also explored
assessing the visual complexity of mobile user interfaces, establishing metrics that link visual
complexity to perceived usability [253]. This shift underscores a growing emphasis on quan-
tifying user interface elements to predict usability outcomes. Moreover, integrating cognitive
principles into Ul evaluation is gaining traction, with metrics now considering harmony and at-
tractiveness, aligning with how users perceive and organize visual information. For instance,
the Aalto Interface Metrics (AIM) service [228] demonstrates how blending user perception and
attention models can improve GUI design evaluation. In recent developments, deep learning
has been employed to model user interaction aspects like tappability [262, 276] and draggabil-
ity [315], marking a shift towards using neural modeling to enhance our understanding of user
behaviors. Furthermore, with the rise of generative models, recent research applies LLMs to
provide Ul design feedback [81], illustrating how combining design knowledge parameterized
in large pre-trained models with user input can be helpful for designers to improve the visual Ul
design.

Machine Learning-based Quality Metrics

There are many opportunities for improving Ul evaluation techniques by machine-learning a
model from large-scale datasets. In this section, | review prior approaches aimed at developing
quality metrics in the machine learning literature.

Learning scoring functions has been an important topic in many areas of machine learning.
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In the context of text-generation or machine translation, a popular class of text quality metrics in-
volve the use of “ground truth” responses known as “references.” BLEU [232] and later variants
like ROGUE [189] and Meteor [24] were developed for other applications, such as summariza-
tion [106]. However, not all domains have access to human-authored references, leading to the
development of "reference-free” metrics. Perplexity [140], for instance, is a classic metric used
to estimate how likely a piece of text, often generated by a machine, is to come from a human-
generated corpus.

More recently, direct human evaluations have been utilized to assess model-generated text [332].
This type of evaluation system often ask individuals to compare outputs from the same input
text to determine which model-generated version they prefer. In the realm of computer vision,
numerous metrics have been devised to evaluate the quality of images produced by models,
including the inception score [256], thedehet Inception Distance (FID) [124], and more re-
cently the HyPE scores [333]. Finally, there has been a class of evaluation methods aimed at
multi-modal applications that concern both text and images. CLIPScore [123] is a technique for
assessing the quality of image captions by using the pre-trained OpenAl CLIP model. CLIP-
IQA [298] further adopts CLIP to contrastively learn a function that evaluates images based on
various quality attributes (e.g., brightness, colorfulness) and perceptual aspects (happy, scary).
TIFA [131] introduces a method where it asks and answers its own visual questions using large
vision-language models. It then quanti es how well the text prompts and the images generated
from those prompts align. However, current, off-the-shelf vision-language models like CLIP of-
ten fall short in accurately analyzing Ul screenshots, particularly when assessing Ul design qual-
ity through language, due to the poor representation of Ul examples in their training datasets.
In summary, this body of work suggests many opportunities for rethinking and applying these
techniques in the domain of Ul generation.
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Recommending Accessibility

3.1 Preamble

Content in this chapter is based on a conference paper that was published at Web4All 2021
[311]. The work was done with my collaborators, Gabriel Reyes, Sam C. White, Xiaoyi Zhang,
and Jeffrey P. Bigham. In this chapter, | use the term “we” to collectively refer to myself and my
collaborators.

In this chapter, | investigate the potentialugfer understanding.e., modeling Ul usage and
context) in improving end-user experience. Speci cally, | show that by framing Ul adaptation
as an interface con guration problem, bene cial adaptations can be automatically enabled using
machine learning models that predict accessibility needs. Feature-based adaptation has several
bene ts. Most smartphone OS's have dozens of built-in accessibility features (50+ on iOS), so
there is already a very large of potential Ul variations that can be reached by feature combina-
tions. While many features result in seemingly simple changes,¢hanging global typeface),
they are often designed by accessibility experts to be effective for the targeted user groups. Some
features can result in substantial changes to how apps are used; for example, Voice Control is
a feature that allows graphical apps to be used completely through voice. Yet, feature-based
adaptation also has drawbacks. Because many third-party apps are developed using inaccessi-
ble third-party toolkits, they do not properly expose application semantics that allow them to
respond to feature settings or assistive technology. Later chapters in this dissertation will focus
on repairing these missing semantics through computational modeling. Another drawback is that
users need to know about them in order to properly con gure them. In this chapter, | present a
system that recommends existing accessibility features included in popular smartphone OSes to
users based on observed usage behaviors.

Numerous accessibility features have been developed and included in consumer operating
systems to provide people with a variety of disabilities additional ways to access computing
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devices. Unfortunately, many users, especially older adults who are more likely to experience
ability changes, are not aware of these features or do not know which combination to use. In this
chapter, we rst quantify this problem via a survey with 100 participants, demonstrating that very
few people are aware of built-in accessibility features on their phones. These observations led us
to investigate accessibility recommendation as a way to increase awareness and adoption. We de-
veloped four prototype recommenders that span different accessibility categories, which we used
to collect insights from 20 older adults. Our work demonstrates the need to increase awareness
of existing accessibility features on mobile devices, and shows that automated recommendation
could help people nd bene cial accessibility features.

3.2 Introduction

Over the past decades, numerous accessibility features have been developed for people with a
wide variety of abilities to use computing devices. Screen readers present otherwise visual con-
tent audibly, zoom features enable people to see content better, switch controls allow people
to navigate screen content with switches (triggers), features tune out noise and allow users to
hear more of what matters, and reading support adds an auditory component to text while read-
ing and/or writing. Although many features exist, it is unclear how or whether people nd the
accessibility features that they could bene t from.

There is reason to believe that many people do not know about these features, and thus may
not discover these features when they need them. As an example, one study found that only 1 of
50 participants were aware of the zoom feature in their web browser [35]. Another study found
that only 3 of 14 older adults were aware that many mobile devices now come with accessibility
features [96]. Older adults present a case worth further investigating, as many of them may
not consider themselves as having a disability, but may nevertheless bene t from accessibility
features as they age [4].

In this chapter, we explore methods for matching accessibility features for people who may
not know they could bene t from them. A natural starting point is to consider whether recom-
mender systems may help with discovering accessibility features. One challenge is obtaining the
data needed to construct these models in a privacy-preserving way. Health-related, and espe-
cially disability-related, information is highly sensitive, and users may be unwilling to provide
this data [300]. Moreover, common recommender systems work via collaborative Itering [259],
which leverages the idea that users who like certain things will like similar things. This could
work in the area of accessibility recommendatiety, if a user has turned on the VoiceOver
screen reader, we might infer that they might also want to turn on Audio Descriptions because
other users often have that pair of features turned on together. Yet, one of the assumptions in
this project is that many people will not know to turn on accessibility features at all. If a per-
son has never turned on any accessibility feature, there is no usage data to even start the rst
recommendation.g., the “cold start” problem in recommender system research [159]).

An alternative approach that we advance in this chapter is to recommend accessibility features
based on how a user is interacting with a device. For instance, if the user is holding the device
closer (or farther) than we would expect, that might indicate that they are having trouble seeingit,
and could thus bene t from a font size increase. Likewise, if users are unable to perform double-
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clicks fast enough for the gesture to be recognized, then we might suggest to them the feature
that allows more time between clicks. This is not an entirely new ideg,if one presses the

shift key on Microsoft Windows repeatedly (perhaps indicating they are having dif culty using

it as a modi er key), then Windows will ask the user if they would like to turn on “Sticky Keys”,

an accessibility feature introduced in Apple System 6 (1988) that turns the modi er keys into
toggles so key combinations can be pressed one key at a time [292]. It is also possible to detect
stuttering in speech, which may eventually be connected to features to make speech recognition
work better [165]. As we will present, many of the accessibility features available on today's
smartphones can be activated using such mechanisms derived from behaviors detected based on
device use.

The main assumption behind our approach is that users should use their device as they nor-
mally would in order to understand their usage patterns and receive recommendations for acces-
sibility features. This differentiates our work from past work ery, digital games speci cally
designed to detect dyslexia [250, 251] or autism [294], and wizards that explicitly ask users to
describe their accessibility needs. Therefore, our approach may not be able to recommend some
accessibility features to a subset of users. For instance, our approach may not be able to recom-
mend VoiceOver to a blind person, who has never heard of the VoiceOver screen reader feature.
However, we might be able to recommend VoiceOver to a user who is using the zoom feature at
a high zoom level and still holding the device closer than would be expected. Most accessibility
features do not dramatically change smartphone functionalities and are amenable to our approach
of recommending based on observed usage.

In this chapter, we rst present the results of a survey with 100 participants (including 25
people over the age of 50) demonstrating that very few people are aware of available accessibility
features on their devices. We then select four common accessibility features, each selected from
a main category of accessibility featuresg(, vision, hearing, interaction and mobility), and
develop prototype recommenders for them. We initialized our recommenders from a baseline
study with 10 participants, and then used them to explore accessibility recommendation with 20
participants.

Our paper makes the following contributions:

* We demonstrate and quantify that awareness and knowledge of how to use accessibil-
ity features is low among smartphone users (one- fth of users knew what “accessibility”
means) and even lower among adults over the age of 50 (one-tenth), who are more likely
to bene t from them.

* We show that many existing accessibility features are conducive to recommendation, and
we provide recommendation strategies for detecting relevant usage behaviors. Using these
strategies, we constructed four prototype recommenders spanning accessibility categories.

* We conducted a study with 20 participants to collect insights on the utility and preferences
of accessibility feature recommendation.
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3.3 Accessibility Awareness Survey

We conducted an online survey to understand people's awareness of accessibility features on their
mobile phones. Speci cally, we were interested in how people might react if they developed an
accessibility need, and if they would know to use (or even check) their phones for features that
could help. A challenge in investigating awareness of accessibility features is that questions
directly asking about a feature,g, “Did you know you can make the font size bigger on your
phone?”, may make respondents aware of the feature. To address this challenge, we used a staged
reveal approach in which we rst asked about hypothetical situations a feature could be useful in
to see if participants mentioned accessibility features as a potential solution, and then later asked
how they would go about con guring accessibility features to better support their needs.

In our survey, we asked participants about their smartphone usage and a series of questions
aimed at assessing their awareness of accessibility features. We obtained 100 survey responses
and collected demographic information (42M/58F, ages 19-83, mean age 42.4). Our sample
included 25 adults above the age of 50, who are signi cantly more likely to develop a disabil-
ity in the near term [4] and could bene t from accessibility features in the future. The survey
was conducted through an online polling platform Poll sh [240] and targeted a general pop-
ulation in the United States. We asked respondents what type of smartphone they used most
frequently — 42% used Apple iOS while 58% used Google Android. Most respondents (74%)
were frequent smartphone usere.( used their smartphone multiple times an hour), and 95%
of respondents reported using their smartphones at least a couple of times per day. Furthermore,
participants reported using a wide range of apps on their smartphone, with respondents reporting
using Lifestyle (43%), Social Media (76%), Education (18%), Games/Entertainment (54%), Pro-
ductivity (35%), Utility (56%), and News/Information (51%) apps. 62% of respondents reported
wearing prescription glasses or contacts, and 18% reported that they were sometimes unable to
hear clearly without the use of a hearing aid.

Our survey investigated the following research questions:

RQ1 - Would users think to check their mobile device if they developed an accessibility
need?

RQ2 - Do users know how to con gure their devices to better support accessibility needs?

To address these research questions, we included two types of questions in our (Suhyga-

thetical questionsRQ1), and(ii) feature-based questionrR@Q2). Figure 3.1 shows the speci c
hypothetical scenarios and features used in these questions, which were chosen to span features
from various categories (e.g., vision, hearing, etc.) and be plausible candidates for recommenda-
tion.

To answerRQ1, we rst asked our participants how they would use their phone in hypo-
thetical situations where they encountered certain types of impairments related to accessibility
features. For example, we asked participantmdgine your eyesight gets worse so you can't
easily read what's on the phone screen, what would you.d®fis allowed us to infer aware-
ness of these features, without revealing their existence in the question itself. In total, our survey
contained 7 of these hypothetical questions (Figure 3.1), each corresponding to a different ac-
cessibility feature. Following the hypothetical questions, we presented feature-based questions
(RQ2) that provided high-level solutions to some of the previously posed hypothetical situations
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but required respondents to demonstrate knowledge of feature usage. For example, we asked
“How can you make the content on the screen larger and easier to’'viédwsa part of this set
of questions, we also asked participants to describe what the function of the Accessibility menu
was in their device's settings. In total, our survey contained 5 of these feature-based questions
(Figure 3.1). Survey-takers were told to answer these questions using their existing knowledge
of smartphone features (or indicate “I don't know”) and were explicitly told not to search for
answers online or check external resources. In summary, we purposefully staged our questions
to gauge accessibility awareness without initially “giving away” the existence of accessibility
featuresice., hypothetical questions); then, we “narrowed in” on speci cally asking for device-
based solutions.¢.,feature-based questions).

Responses for all questions were coded by 3 researchers trained in HCI and qualitative meth-
ods. The responses were coded using the following categories.

* Correct setting[C1) - The response provided the correct accessibility seterg,Enable
Larger Text in the Accessibility menu) or another feature that provided the same level
of access to device conterg.g., Change the system font size in the Display Settings).
Solutions for any mobile operating systeeld.,iOS, Android) were marked correct.

* Other Smartphone-based solutigi®?) - The response provided a solution on the smart-
phone but was either too vague g, Change the settings) or did not work in all cases the
accessibility feature dide(g., Double-tap to zoom in). Responses in this category often
indicated that the user was aware that their device was capable of making content more
accessible, but did not know how to enable that functionality without additional help. One
of the problems is that users need to know the name of the feature beforehand in order to
search for it, and our goal is to proactively surface them to the user to remove this need.

* Other(C3) - The response provided did not demonstrate any knowledge of awareness or
usage of mobile accessibility features, but, as we discuss later, can still constitute a valid
course of action.

Hypothetical Question§RQ1) - To analyze responses from our set of hypothetical ques-
tions, we wanted to see how many participants' responses mentioned using functionality already
present on their smartphon€X, C2). We coded the responses to the hypothetical questions
with an inter-rater reliability (Fleiss' Kappa) of = 0:68. While there was some disagreement
(between theC1 and C2 codes) on whether a response provided “the same level of access to
device content” as the correct accessibility settiag.(some responses mentioned using voice
commands for questions targeted at touch accommodations), it was clear that users did not think
to check their mobile devices for accessibility affordand@®1). Only 15.7% of participants
would have attempted to look on their phone for a solution and only 12.1% identi ed the most
effective setting (Figure 3.1).

We also more closely analyzed tli8 category to better understand those responses. Un-
surprisingly, a common response was that participants stated they would consult with a doctor
or medical professional. For example, if their eyesight prevented them from easily reading on-
screen content, they responded that they would go to an optometrist to get glasses. As previ-
ously mentioned, human experts can match access technology with a higher degree of certainty
and effectiveness. However, for many reasang.(time/money requirements, doctor's lack of
knowledge of a patient's device, non-medicalized accessibility need such as slightly degraded
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vision) this method may not lead to the widest adoption of accessibility features. Other partic-
ipants proposed purchasing additional software or equipment to access cetrgetiufing a

loud Bluetooth speaker when unable to clearly hear content or buying a new phone). Finally,
another common type of response included asking someone else to help perform the action or
trying again slowly, but these would not be feasible in many situations.

Figure 3.1: This gure shows a summary of responses to our online survey, which was composed

of hypothetical (Left) and feature-based (Right) questions. For each of set of questions, we
coded the responses to show people's knowledge of smartphone accessibility features. From
our set of hypothetical questions (Left), we nd that on average, 15.7% of participants would
have attempted to nd a solution on their smartphone and only 12.1% identi ed a setting that
addressed the scenario. When asked which settings/features were needed to make certain content
more accessible (Right), participants responded correctly 10.3% of the time, and only 18% of
participants knew what “accessibility” meant in the context of their phone's settings.

Feature-based QuestiolRQ?2) - We performed a similar coding for our feature-based ques-
tions ( = 0:73), but because participants were required to consider their smartphone as a part
of their solution, we only focused on whether the response provided the Correct s€tting (

The responses from the feature-based questions indicate a similar conclusion, showing that on
average only 10.3% of responses by participants mentioned the correct setting (or an alternative
solution providing equivalent utility). Finally, to more directly ansviR®2, we asked partici-

pants to respond with the de nition of “accessibility” in the context of their phone's settings, and
only 18% responded correctly, suggesting that most people would not know how to access their
devices' built-in accessibility capabilities.

In summary, the results from our awareness survey show that although users rely on their
smartphones for a wide variety of tasks, they are generally unaware of the accessibility features
available on their smartphone. While one might suggest that users seek out this information
when they develop the need, they may not know to look, and continue to “get by” using their
device €.g.,squinting or bringing the phone closer to their eyes). Thus, we believe a smartphone
that proactively recommends accessibility features would improve users' interactions with their
devices.
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3.4 Recommending Accessibility

To chart the design space of how accessibility features could be recommended, we reviewed
and categorized a set of features available on modern mobile platforms. For our exploration
and building proof-of-concept prototypes, we scoped our effort to iOS, Mhich contains
nearly 50 accessibility features (Figure 3.2). Many of its accessibility featergsfont size
adjustment, content magni cation) are standard across other platforms, so our recommenders
can be directly transferred. Our approaches to building recommengeyst(ategies for feature
recommendation) can also be applied more generally to features that we did not initially explore.

A few of these features either require special hardwaug fearing aids) to be connected in
order to be used, or are meant to address accessibility needs that would likely prevent users from
using the device without thene(g, VoiceOver), and so we would not be able to recommend
these features. This is not intended to be an exhaustive or complete list, necessarily, but is rather
the result of iterative process among the authors (accessibility and sensing experts) to identify
promising directions for each feature. Generally, our approach to recommending accessibility
involves(i) identifying an accessibility need (potentially corresponding to an available feature),
(i) developing a hypothesis about how it might manifest in device sigreats,fensor readings,
system events}jii) determining a detection strategy to decide when to surface a recommendation
to the user, andiv) empirically validating, to the extent possible, that the detection method
works as intended with acceptable accuracy. In our work, we speci cally focus on detecting
potential accessibility needs from observed usage data. While detection constitutes a large part of
recommendation, there are other aspeeig. fhow to surface, strategies for increasing adoption)
that we leave to future work.

We categorize accessibility detection into four approaches: statistical, near-miss, action se-
guences, and grouped detections. In this section, we give a brief description of each method
along with an example use-case.

Statistical

Statistical detection involves identifying differences in users' behavior statistically over time.
This approach is useful when one or more signals are known to be relevant, but it is unclear what
speci ¢ bounds or behaviors to detect. For instance, users may not realize that they frequently
hold the phone close to their face to read content on it or that they consistently listen to media at a
high volume. This approach generally leverages statistical tests and outlier detection algorithms
to compare an individual's usage patterns with a pre-de ned range. This detection method draws
from prior approaches, such as machine learning techniques for dyslexia detection [250] and
ability detection [99, 102, 136]. Generally, such approaches have assumed labeled data for su-
pervised machine learning or optimization algorithms; yet, we nd that even when using simpler
approaches with fewer dataq., univariate statistical tests), we can successfully detect relevant
behaviors.

Font Size Increase if a user tends to hold the phone closer (or farther) from their face

than the common distance we expect, then they may bene t from a larger font size.

https://www.apple.com/accessibility/iphone/
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Figure 3.2: 48 accessibility features listed in the iOS Accessibility menu, labeled according to
our detection strategieRequiredare features that require hardware or whose users would be
unlikely to use the device without therBtatistica] SequenceNear Miss andGroupingrefers

to the detection strategies. For every feature (row), a strategy (column) is highlighted if it is
applicable. For features using tBeoupingstrategy, we also indicate which group they belong to
(using a group number and color). For example, if the user has VoiceOver enabled, other features
in that group €.g.,Audio Descriptions, Require Attention for Face ID) can be recommended.

Near-Miss

Another type of detection strategy is to monitor features that rely on a pre-de ned threshold or
require multiple conditions to be reached before triggering. Often, the default threshold values
may be dif cult to reach for people with disabilitieg.Q.,the default speed for double-clicking

the home button may be too fast for people with motor impairments), so surfacing accessibility
options that allow the adjustment of these values can signi cantly improve the user experience.
Monitoring the threshold values for features that have them and logging “near-misses” can be
used to trigger recommendations. Often, the accessibility feature itself gives a good clue as to
what to look for,i.e., if a double-click needs to happen with no more than 1 second latency
between button presses, looking for examples of two button presses in sequence with a slightly
longer gap between may be a good signal that the user could use more time.

Side Button Click Speed double and triple clicking the side button on iPhone invoke
Apple Wallet and a shortcut to other accessibility features, respectively. Observing a user
press the button two or three times, and fail to activate the feature (when they would have
succeeded if the speed had been set to slower), may indicate that they could bene t from
setting the required speed to slower.
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Action Sequences

In some instances, a strong connection is known between a speci ¢ sequence of behaviors and
a feature that might be useful. Action sequence detection is implemented by monitoring and
recording system eventg..,app open events and Ul interaction events). This method is in-
formed by prior shortcut induction from user behavior [67], and programming by demonstration
systems that have been used for accessibility purposes [36, 37, 118]. In most cases users may dis-
cover that some task is inaccessible and perform action sequences as “work-arounds” to achieve
the same functionality, sub-optimally.

Magni er — the Magni er in iOS allows users to use their phone's camera as a magni er.

We have informally observed people use an alternative way to access such functionality,

which involves taking a picture of somethirgg, a restaurant menu), opening the photo in

the photo viewer, and then using “pinch to zoom”. This sequence of actions could indicate

that the user could bene t from the Magni cation feature [14].

Grouped

Finally, grouped detection can be used to recommend new accessibility features based on the
ones the user already has enabled. This is useful because related features do not always appear
close to each other in the Settings menu, and some accessibility needs may not directly manifest
themselves in signals detectable by other approaches. Grouping is a manual approach to replace
recommendation algorithms, which do not have the necessary data to provide recommendations.
Instead, we used simple conditional statements to recommend other grouped features. Unlike
larger recommendation systems, the number of accessibility features to recommend is relatively
small. A manually curated approach is manageable, although we envision grouped recommen-
dations could potentially be data-driven if such data was available.

Type to Siri- this feature allows users to type their queries to Siri. This may bene t deaf

or hard-of-hearing users, and could be recommended when users turn on Hearing-related

features.

Other examples are much more straightforward because they are already grouped together,
i.e., if you use one of the Vision-related features you might also bene t from other Vision-related
features. For instance, neither Audio Descriptions nor Type to Siri is grouped with Vision or
Hearing, respectively. In Section 3.5.4, we provide more details on the groupings implemented
by our prototype system. Figure 3.2 shows more potential groupings between accessibility fea-
tures, uniquely grouped by an identifying number and color.

3.5 Prototype Recommenders

To move towards concrete implementations of recommenders, we used several recommendation
strategies and applied them to some of the features discussed in the accessibility awareness sur-
vey (Figure 3.1). We rst performed a baseline data collection with an initial group of participants
using a popular consumer smartphone (iPhone XS) to understand how different usage behaviors
manifested themselves in sensor data. We describe the procedure for this data collection in the
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user studies section. Then, using our recommendation strategies, we built four accessibility fea-
ture recommendation prototypes. Each prototype targeted one or more accessibility features that
could be detected using similar strategies. These prototypes are exemplars, which demonstrate
how we might go about developing future recommenders.

3.5.1 Font Size Recommender

Our font-size recommender prototype automatically senses when users nd it dif cult to read
content and recommend features that would adjust the content's size. As noted by previous
research on text magni cation, adjusting font size can enhance the readability and experience for
many users, especially aging adults [35].

We calculated viewing distance using the front-facing camera and ARFaceAnchor objects
returned by the ARFaceTrackingCon guration [8] and usedS3kettisticaldetection strategy to
surface recommendations to the user if they were found to hold the phone outside of an expected
viewing distance range. We chose to de ne our expected viewing distance range empirically,
based on our baseline data collectidhy(= 0:36m; 4 = 0:049n). Our results align with pre-
vious work quantifying average font size and viewing distance for smartphone content [20]. We
triggered a noti cation recommendation when the difference between the user's mean viewing
distance andl4 exceeded a threshold, which we conservatively set to two standard deviations.

3.5.2 Subtitles & Captions Recommender

Our “Subtitles and Captions Recommender” monitors device volume levels to recommend hear-
ing accessibility features, similar to other features such as watchOS decibel meter, which does so
for environmental noise [10]. We implemented a background daemon that continuously moni-
tored 1) whether audio was currently playing, 2) the volume level, and 3) the output device. In the
data collected from our baseline study, the average volume levdiyas47:1%; , = 16:3%.

Using theStatisticalrecommendation strategy, we surfaced a recommendation for the Subtitles
& Captions feature when the user's listening volume was statistically greater (by a minimum of
two standard deviations) than our baseline mean.

3.5.3 Side Button Click Speed Recommender

While touch interaction is the primary mode of interaction for most mobile devices, several im-
portant features require the use of physical buttons. These include adjusting output volume,
locking/unlocking the device, and certain application-speci ¢ ugeg.(con rming an app in-
stallation) [16].

The default double-click speed on the side button can be dif cult to trigger for many users
with even slight motor impairments. Recognizing this, the time allowed between clicks can be
changed (increased) via the accessibility menu [15]. Our prototype recommends this feature
to users when it observes a “near-miss” failed attempt. To do this, the recommender monitors
repeated button presses that occurred within the slowest possible double-click threshold. The
recommendation is made if the input is too slow to trigger based on the current threshold, but
would have done so using a slower setting.
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3.5.4 Grouped Recommenders

Usage-based recommenders may be able to educate users about the existence of accessibility
features, and the@roupedrecommenders could help them expand and/or customize selected
accessibility settings. Figure 3.2 shows a comprehensive grouping of accessibility features, while
our grouped recommender prototype implements a subset of these using the iOS UlAccessibility
API [13].
* AssistiveToucH Side Button — If AssistiveTouch is enabled, the user might also bene t
from the Side Button setting which can also make wider range of interactions accessible.

* Closed Captioning Type to Siri — A Closed Captioning user may wish to interact with
Siri using an alternative text-based modality.

* Bold Text! Larger Text — Similar to Bold Text, Larger Text increases the readability of
on-screen text content by increasing the available font sizes.

3.6 User Studies

We conducted two user studi€§): a baseline data collection afig a user study. As mentioned
earlier, the baseline data collection with 10 participants aided in the design of our detection
strategies and initializing our prototypes.d.,triggering thresholds). We then used our proto-
type recommenders with 20 participants to generate insight on the utility and preferences for
accessibility feature recommendation. All user studies were conducted before the COVID-19
pandemic, so there was no additional risk for participants.

3.6.1 Baseline Data Collection

Table 3.1: This table describes the tasks participants performed during the data collection study.
T# Name Description
1 Video Questions Watch a short 3-minute TED talk then Il out a quiz (24 questions) on the smartphone.

Use the App Store to install 5 applications. After downloading and installing, take a

screenshot of the main screen, then uninstall the app.

Internet Scavenger Answer 9 trivia questions about GPS technology using provided external links and a search engine.

Hunt Record answers in a note-taking app.

4 Siri Questions Answer 7 questions using Siri and record answers in a note-taking app.

5 e-Reader Questions Find 10 pieces of information in a book chapter and record answers in a note-taking app.

2 App Installation

3

Procedure

We recruited 10 participants (7M/3F, ages 24-40, mean age 32) for our baseline data collection
study. Eight of the participants wore glasses or contacts with corrective prescriptions, and no
participants used hearing aids. After obtaining consent, participants were given an iPhone XS
device that was preloaded with a background daemon that recorded a variety of signals.

At the start of every usage session, the researcher reset some of the device's stiings (
output volume, system font size) to the lowest possible value. This was done to encourage
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the participant to set these values according to their own preference rather than using the ones
chosen by the previous person, and the researcher informed participants that they were allowed
to adjust these settings. To simulate everyday usage, we gave participants a pre-determined list
of common smartphone tasks (Table 3.1) to complete during the study session. The order of
the tasks was randomized for each participant. Participants were given 45 minutes to complete
the list of tasks, and the data collection session was stopped if the tasks were nished early.
Afterwards, participants were given a shortened version of the accessibility awareness survey that
included questions about demographics, mobile phone usage, and the feature-based questions.
Participants were compensated with a $10 gift card.

The data obtained helped inform the design of our prototypes and provided a dataset to em-
pirically set our recommender algorithm parameters.

3.6.2 User Study

Figure 3.3: This gure shows the portion of responses from our in-person sunvey8éseline

Study and User Study) that provided the correct response to our feature-based questions. Aware-
ness of features was much lower among adults over the age of 50, even though they were more
likely to bene t from them.

To validate our approach and generate additional insights for accessibility recommendation,
we conducted a study with two populations (n=20). All user studies were conducted before the
COVID-19 pandemic, so there was no additional risk for participants. We were interested in
answering the following research questions:

RQ1 - Were participants aware of the accessibility capabilities of their smartphones?

RQ2 - Did participants nd the features recommended by our prototypes useful?

Participant Age Range

One of our motivations for this work was to surface recommendations for accessibility features
to users who are likely to bene t from there.@.,older adults). In our recruitment of partici-
pants for this study, we settled on the age threshold of 50+, which we know is roughly the time
when abilities start to really change [295, 304]. We acknowledge that this range is larger than
most studies in HCI that study ageing, and likely encompasses several sub-graupsder
middle-aged, retirement-age adults, seniors) which have unique social norms, life experiences,

24



and technology use. Our motivation is not bracket individuals into age groups or to create a
solution speci cally for one such group, but to identify broad segment of the population that can
most bene t from accessibility recommendation.

Procedure

The rst population (P1-P9) was recruited from a senior care residence and consisted of 9 partic-
ipants (3M/6F, ages 79-97). We initially recruited 10 participants from our rst population, but
one later withdrew due to dif culty using the smartphone, and so we report on ndings from the
other 9 in that group. The second population (P10-P19) was recruited from a local participant
pool with a minimum age requirement of 50 (5M/4F/1 Prefer not disclose, ages 50-79). Our
participants had a diverse range of abilities, which allowed us to evaluate our system under cir-
cumstances experienced by a broad range of users. 78.9% of our participants wore glasses, and
36.8% participants used hearing aids. Most (78.9%) owned smartphones and reported varying
frequency of usage — ranging from a couple of times per week or less (10.5%) to multiple times
per hour (31.6%). When asked what kinds of apps participants used on their smartphones, some
responded that they only used their phones for calling family members (5.3%), while others used
Lifestyle (26.3%), Social Media (47.4%), Games/Entertainment (36.8%), Utility (57.9%), and
News/Information (52.6%) apps. On average, participants reported that they had their smart-
phone for 4.3 years.

For both populations, we followed a procedure similar to the one used for our baseline data
collection (Table 3.1). Users were asked to complete a set of tasks during a usage session,
and then lled out a survey afterwards. In this study, we shortened the usage session from
45 minutes to 30 minutes by removing two of the tasks (Internet Scavenger Hunt and the e-
Reader questions) to make time for a brief interview afterwards about participants' views on the
recommendations. In addition, due to some participants' lack of experience using smartphones
and motor impairments, we reduced the complexity of some of these tagksgducing number
of questions on the video questionnaire). Although these procedural differences may impact the
distribution of collected signals used for statistical detectig.(viewing distance), we only
removed tasks if they were similar to others in the seg).( lling out an Internet Scavenger
Hunt required typing text in the Notes app, as did the video questionnaire), and we did not
observe a signi cant effect on our prototype's detection ability. For participants who preferred
us to do so, we administered the post-study surveys verbally and recorded their answers for them
in writing.

After administering the survey, researchers conducted a brief interview with participants
structured around various accessibility features supported by our prototypes. We showed par-
ticipants how to enable various accessibility features and demonstrated their effects on the user
experience. We then asked participants to rate whether each feature was useful for them on a
7-point Likert scale (1: Strongly Disagree, 2: Disagree, 3: Somewhat Disagree, 4: Neutral, 5:
Somewhat Agree, 6: Agree, 7. Strongly Agree). We concluded the interview by asking the
participants if they thought they could bene t from accessibility features like these, and if so,
how they would prefer the recommendations be surfaced. Participants were compensated $20
for their time.
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3.6.3 Accessibility Awareness

Using the procedure for categorizing the questions from our online study, we coded the survey
responses from both the Baseline Study and the Older Adults Study. The inter-rater agreement
Scores Were paseiine = 0:67 and genior = 0:76 for the responses from the Baseline Study
and Older Adults Study, respectively. As the in-person surveys only included feature-based
guestions, we focused mainly on whether the responses fell into the Correct setting category
(C1) or not. A comparison of the two populations can be seen in Figure 3.3. As seen in our
analysis, most of our users were unaware of common accessibility features and how to use them.
In answeringRQ1, we found that there was very little awareness of accessibility features (or
even what “accessibility” was) among older adults, even as they continue to engage with mobile
technology 789%owned smartphones). Compared to the survey results from the baseline study,
we found that awareness of accessibility features was much lower (10.5% of older adults knew
what “accessibility features” were compared to 90% of baseline participants) among older adults,
who more likely to bene t from them. Most of the participants in our Baseline Study were
software engineers familiar with iOS and were more likely to know about accessibility features.
Nevertheless, while 90% of participants generally knew about accessibility features, they were
less familiar with speci cs about how they could be used. From our Older Adults Study, we
found relatively few participants knew about accessibility features (10.5%), even though they
were more likely to bene t from them.

3.6.4 Utility of Accessibility Recommendation

Using the data collected from the participants' usage sessions, we ran our detection strategies
post-hoc (.e., participants did not interact with recommendations in real-time) to estimate the
the utility of their recommendations. In total, our prototypes triggered 19 recommendations, and
based on the participants' ratings of the features, they would have found 73.7% of those recom-
mendations useful, 21.1% not useful, and 5.3% neutral. This suggests that our participants would
likely bene t from accessibility feature recommendatioR&)2). Our goal was to gauge partici-
pants' perception feature recommendation and accessibility features overall, although additional
work would need to be done to better understand the potential for these recommendations lead-
ing to adoption. Our conversations with participants support our initial analysis, and we aim to
further strengthen this conclusion in future work.

Below, we further analyze each feature recommender in more detail and provide context for
their performance. Because none of the participants had turned on any accessibility features, our
Grouped recommender prototype is not applicable.

Font Size/Zoom

The Font Size/Zoom recommender was triggered by 3 of the participants (all 3 wore glasses),
who, on average, gave those features a usefulness rating of 6.3/7. Interestingly, every participant
in our study responded that they thought those features were useful when shown to them in our
post-study interview. This may suggest that if such a feature recommender was deployed, it could
be bene cial to decrease the triggering threshold or non-intrusively surface a recommendation
for all users. Indeed, as part of the iOS new device setup process, a subset of display settings such
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as Display Zoom can be adjusted which affects the size of on-screen content. However, given that
only two participants mentioned adjusting font size in their awareness survey responses, there is
reason to believe that these features could be made more visible.

Subtitles & Captions

Similar to the Font Size recommender, the Subtitles & Captions recommender was also imple-
mented by performing statistical detection on the user's audio volume. The mean audio levels
of 6 of the participants (4 required hearing aids to hear clearly) exceeded our threshold, and
those participants rated the Subtitles/Captioning features usefulness 4.8/7 on average. While the
majority of triggered recommendations were found to be useful, we found that observed signals
did not always align with participants' ratings of features. For example, P4 watched the video at
maximum volume but rated the Subtitles & Captions feature as providing low usefulness. When
asked about the rating, P4 responded that he disliked watching TV and movies with closed cap-
tioning because he found them distracting. Other instances of declined recommendations may
be explained by preference or by prior work on the attitudes of older adults toward disability and
aging [135]. We took from this that an additional element to consider when recommending a
new feature is not only the expected utility of the feature but also the user's acceptance of it.

Click Speed & Assistive Touch

Compared to the other recommenders, the Click Speed & AssistiveTouch prototype was triggered
the most often, in part due to the more relaxéear-Missdetection scheme used. While in
practice, such a system might surface a recommendation after a couple of near-misses, we set
our prototype to trigger after the rst instance due to the short duration of the study. In total, 10
users performed a double-click at speeds which would not have been detected ufefpilie

timing but would have using slower settings. Of these, 70% found the associated accessibility
features useful and 30% did not. Among users who triggered the recommender, the average
usefulness rating was 4.7/7. However, for users that triggered our protoSipeiesthreshold,

all of them (100%) found the features useful. Whiear-Missdetection is appealing in part

due to its simplicity and direct connection to an adjustable setting, successful deployment of
recommenders for features such as Click Speed require more robust schemes that may combine
certain aspects of statistical detecti@x(,modeling the number of near-misses for the average
user) and take into account additional contexg(it is the rst time the user is performing the
double-click gesture).

3.6.5 Additional Observations
Beyond Awareness

An interesting observation was that one participant (P19) knew about accessibility features, but
described them a%or the visually/aurally impaired”, which suggests that because he didn't
identify as having a visual or hearing disability, he would not have thought of looking for useful
features under the accessibility menu. We believe that a proactive recommendation system such
as ours could help surface features that provide utility to a broad range of users. Indeed, two
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of our recommenders were triggered by the participant's usage session, and both features were
marked as useful in the post-study interview. The only other participant (P11) who correctly de-
scribed what “accessibility” referred to respond€@n't remember ... But [I've] used [them]...
maybe to increase text/magnifyihdicating knowledge of only a small subset of features that
could potentially be useful. Among participants recruited at the senior care residence (P1-P9),
we found that knowledge of accessibility features was non-existentone of the participants

from this group knew what “accessibility” meant in the context of computing), even though many
of them had begun to adopt mobile technology (77.8% of them owned a smartphone, and on av-
erage, they owned their smartphone for 2.3 years). Similarly, we believe that our system could
provide a lot of value for these technology adopters by making certain tasks easier to learn or
perform.

Recommendation Preferences

After conducting the study, the researchers were frequently asked by participants to show them
how to enable certain features on their personal devices. Even for participants who did not trig-
ger any recommendations (P18), when shown certain featargsKont Size), they indicated

that they thought the features would be bene cfahave perfect eyesight but | still have a pair

of readers that | use sometimes [to reduce strain] ... a bigger font size would also make things
easier to read.” Almost all participants (89.5%) were open to receiving recommendations, with
most preferring low frequency surfacing methodg(,home screen, email, or a message) that

did not interrupt their current task. On the other hand, one participant (P2) indicated that she
valued the potential usefulness of features over the interruption‘d¢bstere is something that

could help me use [my device], | want to know aboutkirthermore, not all participants wanted
these features to be recommended to them (P6, P8). While P6 agreed that accessibility features
were useful for interacting with her smartphone, she preferred not to have them automatically
recommended to her, sayifigmight nd it confusing”. P8 offered another reasoriN6t neces-
sarily... Once | learn [how to do something], I'll be set in my waysating that the novelty of
interacting with the device through the recommended features might be off-putting. Similar to
what we saw with declined recommendations, additional context such as user preference play an
important role in user acceptance of accessibility features and new technology in general.

3.7 Discussion and Future Work

In this chapter, we have introduced the idea of “recommending accessibility” as a fruitful area
for research. Even as numerous useful accessibility features have started to be included in the
smartphones that people own, our survey demonstrated that very few people know about them or
know which of those features they could bene t from using. While on-device recommendation
approaches are not the only useful strategy for building awareness, we believe that they are likely
to be an important and necessary complement to existing advocacy and awareness approaches,
especially as our devices, thankfully, contain more and more features intended to make them
more accessible.

We have laid out a roadmap for recommending accessibility, explicitly outlining how acces-
sibility features on iOS could map to a set of detection strategies and available signals that we
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believe largely characterize the space (Figure 3.2). We believe there is ample opportunity for fu-
ture research in validating this across the many accessibility features on iOS and other platforms.
Delivering a new recommender for a new feature will require substantial effort to validate, for
instance, ensuring that the recommender works as intended and has an acceptable false positive
rate in the real world. Ultimately, the success of a recommender approach seems dependent on
a user deciding not only to turn on a feature but to adopt it; understanding adoption takes sig-
ni cant effort over time, especially given that each individual accessibility feature may only be
expected to be useful to a relatively small percentage of people.

The prototypes introduced in this chapter were designed as proof-of-concept implementations
to demonstrate the potential of this direction and for use in our study with older adults. The
accuracy and breadth of our recommendation prototypes can be further improved. We currently
employ a simple statistical distance measure for unimodal da&ta donsidering each signal
independently). There is a great opportunity for future work to improve this aspect by developing
more sophisticated methods of learning from usage data. Given a large enough sample, it may
even be possible to learn retroactively from sensor streams collected from people who have
turned on a feature.

Our approach to matching signals to detection strategies was largely manual. In some cases,
we believe the mappings are fairly straightforward extensions of the accessibility feature speci -
cation, especially for thdlear-Misscategory that is explicitly de ned this way. However, other
categories, such &equencer Statistical require generating hypotheses about differences ex-
hibited by people who could bene t from the feature, collecting data to validate this hypothesis,
and nally building a recommendation strategy based on that. Future work could investigate au-
tomated data-driven methods of identifying promising accessibility signals from usage patterns.
In pursuing this, it is important to collect and analyze this data in a privacy-preserving manner.
The Statisticalsignals rely on detecting differences from a collected baseline, and so developers
of recommenders using this approach should be cognizant of where that baseline is collected
from and be aware that some people may differ from the baseline for a reason other than need-
ing the accessibility feature. Our framework does not provide a pattern for recommending all
features that can be naively applied; future systems based on detecting and using accessibility
signals should continue to rely on the intuition of designers, feedback from potential users, and
iterative development and evaluation.

Another area to more thoroughly explore is how to surface accessibility recommendations. In
our usage study, we presented users with recommendations after they completed their tasks, but
recommendations can also be preseimesitu. Noti cations may be the most direct way of cap-
turing attention and displaying information to users, but they can be disruptive or annoying [303].
Initiatives from Apple [9] and Google [111] have focused on limiting interruptions from noti -
cations. The aforementioned “Sticky Keys” noti cation on Microsoft Windows has arguably
been successful in getting people to know about the feature, but numerous web-based articles are
devoted to turning off that noti cation (some fast-paced video games also often involve press-
ing modi er keys repeatedly and quickly). Less obtrusive ways of surfacing recommendations
could include simply ranking the features higher in the accessibility menu, or including them in
a non-intrusive but clearly visible place.§.,the lock screen) [12].

As a part of our exploration, we brie y explored different ways recommendations might be
surfaced in a mobile operating system. While we expect more obtrusive noti cations like pop-ups
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to be more likely attended to by users, they might also be more likely to disturb or anno¥. users
Ultimately, there are many design decisions to be made, such as the wording and style used in the
recommendation. In our prototypes, we speci cally avoided relating the recommended feature to
any underlying condition, ability, or cause. For example, we wrote recommendatiornliée,

you know you can adjust the font size&ther tharflt looks like you're having trouble seeing the
screen.”We suspect that the preferred style and obtrusiveness of noti cations may depend on the
accuracy and timing of the recommendation, the likelihood that the user will follow the advice,
and the realized bene t to them if they adopt the feature, the classic expected utility problem

in mixed-initiative interaction [128]). Ultimately, we believe the best strategy and frequency for
surfacing recommendations will be feature and context dependent. We leave it to future work to
empirically determine the best strategy for each feature and use case.

3.8 Conclusion

A large number of accessibility features have been developed for smartphone platforms. Our
survey with 100 participants demonstrates that relatively few know about these features or how
they might bene t from them. In this chapter, we present our framework for recommending
accessibility, outlining useful signals and detection methods using them to recommend accessi-
bility features on the smartphone platform. We categorize 48 features on iOS in terms of how
those features might be recommended to participants, and provide a number of example recom-
menders. We develop four prototypes, three of which we initialized in a baseline study with 10
participants. We then use our recommenders with another population of 20 participants to better
understand their potential feasibility and utility. With so many great accessibility features being
developed, we believe it is important to direct some of our research focus to recommending these
accessibility features to those who might bene t from them. Our work provides a roadmap for
researchers and developers to make progress in this important area.

2Early in development, we also implemented a modal dialog box as an alert, but pilot studies guided us to less
obtrusive designs.
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WebUI: A Dataset for Enhancing Visual Ul
Understanding with Web Semantics

4.1 Preamble

Content in this chapter is based on a conference paper that was published at CHI 2023 [316]. The
work was done with my collaborators, Siyan Wang, Siman Shen, Yi-Hao Peng, Jeffrey Nichols,
and Jeffrey P. Bigham. In this chapter, | use the term “we” to collectively refer to myself and my
collaborators.

In the previous chapter, | showed that under certain circumstanegsMhen semantic in-
formation is available), useful transformations, such as built-in feature con gurations, can be
applied at runtime to better adapt existing Uls to user context. Examples of these semantics
include rendering metadata.§.,the accessibility hierarchy of mobile apps) or complete source
code €.g.,some types of web Uls), which describe the information and functionality presented
by the Ul. Operating system features and assistive technologies are some examples of mecha-
nisms that depend on this metadata to function. However, these application semantics are often
unavailable on many types of graphical user interfaces (GUIs) that are constructed using inac-
cessible toolkits. To this end, it is bene cial to build systems that can pertdironderstanding
more generally and more robustly. Some prior work [331] has focused on building datasets for
training machine learning models that can predict semantic metadata (which is not always pro-
vided by the developer) from an app's screenshot (which is always available for GUIs). The
purpose of the WebUI project is to build a dataset of Uls where visual appeaiancereen-
shots) are associated with app semantics, with the goal of training models that can relate and
generate one representation from another.

Modeling user interfaces (Uls) from visual information allows systems to make inferences
about the functionality and semantics needed to support use cases in accessibility, app automa-
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tion, and testing. Current datasets for training machine learning models are limited in size due to
the costly and time-consuming process of manually collecting and annotating Uls. We crawled
the web to construct WebUI, a large dataset of 400,000 rendered web pages associated with
automatically extracted metadata. We analyze the composition of WebUI and show that while
automatically extracted data is noisy, most examples meet basic criteria for visual Ul modeling.
We applied several strategies for incorporating semantics found in web pages to increase the
performance of visual Ul understanding models in the mobile domain, where less labeled data is
available:(i) element detectiorji) screen classi cation angiii) screen similarity.

4.2 Introduction

Computational modeling of user interfaces (Uls) allows us to understand design decisions [72,
156], improve their accessibility [331], and automate their usage [45, 175, 179]. Often, these sys-
tems must interact with Uls in environments with incomplete or missing metaelatanjobile

apps authored with inaccessible Ul toolkits). This presents many challenges since it necessitates
that they reliably identify and reason about the functionality of the Ul to support downstream
applications. Visual modeling of Uls, which has shown to be a promising solution, predicts in-
formation directly from a screenshot using machine learning models and introduces no additional
dependencies.

Building the datasets needed to train accurate visual models involves collecting a large num-
ber of screenshots paired with their underlying semantic or structural representations. Recent
efforts to collect datasets [72, 331] for data-driven modeling have focused on mobile apps, which
are typically manually crawled and annotated by crowdworkers since they are often dif cult to
automate. This process is both time-consuming and expensive — prior work has estimated that
collecting a dataset of 72,000 app screens from 10,000 apps took 5 months and cost $20,000
[72]. Because of this, datasets for visual Ul modeling are limited in size and can be prohibitively
expensive to keep updated.

The web presents a possible solution to Ul data scarcity since web pages are a promising
source of data to bootstrap and enhance visual Ul understanding. In contrast to mobile Uls,
web Uls {.e.,web pages) are much easier to crawl since they are authored in a uni ed parsable
languagei(e., HTML) that typically exposes semantics..,links and listeners) necessary for
automated navigation. The same web page can also be viewed in many different viewports and
display settings, which makes it possible to collect a large dataset of Uls rendered on a variety
of devices €.g.,a smartphone or tablet). In addition, web browsers offer several facilities to
extract visual, semantic, and stylistic information programmatically. In particular, web conven-
tions, such as the semantic HTML and the ARIA initiatives, while not always adopted, constitute
a large, if potentially noisy, source of annotations for Ul elements. Finally, the web offers a vir-
tually unlimited supply of data and has already been employed as a data source for large-scale
machine learning [105, 322, 324]. We explore the possibility of automatically collecting and la-
beling a large dataset of web Uls to support visual Ul modeling in other domains (e.g., mobile).
Compared to previous web datasets [156], our dataset is much larger, more recent, and contains
semantic information needed to support common visual Ul understanding tasks.

In this chapter, we show that a large dataset of automatically collected web pages can im-
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prove the performance of visual Ul Understanding models through transfer learning techniques,
and we verify this phenomenon for three tasks. We rst describe the platform that we built to
crawl websites automatically and scrape relevant visual, semantic, and style data. Our crawler
visited a total of approximately 400,000 web pages using different simulated devices. WebUI,
the resulting dataset is an order of magnitude larger than other publicly available datasets [156].
Next, we analyzed our dataset's composition and estimated data quality using several automated
metrics: (i) element size(ii) element occlusion, an(ii) layout responsiveness. We found that
most websites met basic criteria for visual Ul modeling. Finally, we propose a framework for
incorporating web semantics to enhance the performance of existing visual Ul understanding ap-
proaches. We apply it to three tasks in the literat@ineclement detectior{ji) screen classi ca-

tion and(iii) video screen similarity and show that incorporating web data improves performance
in other target domains, even when labels are unavailable.

To summarize, our paper makes the following contributions:

1. The WebUI dataset, which consists of 400,000 web pages each accessed with multiple
simulated devices. We collected WebUI using automated web crawling and automatically
associated web pages with visual, semantic, and stylistic information that can generalize
to Uls of other platforms.

2. An analyis of the composition and quality of examples in WebUI for visual Ul modeling
in terms of(i) element size(ii) element occlusion, an@i) website layout responsiveness.

3. A demonstration of the usefulness of the WebUI dataset through three applications from
the literature(i) element detectior(ji) screen classi cation anfii) screen similarity. We
show that incorporating web data can lead to performance improvements when used in a
transfer learningsetting, and we veri ed its improvement for our three tasks. We envision
that similar approaches can be used for other tasks common in visual Ul understanding.
Furthermore, we show that models trained on only web data can often be directly applied
to other domainsed.g.,Android app screens).

All code, models, and data will be released to the public to encourage further research in this
area.

4.3 WebUI Dataset

We introduce the WebUI dataset, which we construct and release to support Ul modeling. The
WebUI dataset is composed of 400,000 web pages automatically crawled from the web. We
stored screenshots and corresponding metadata from the browser engine, which serve as anno-
tations of Ul element semantics. Because the collection process is highly automated, our nal
dataset is an order of magnitude larger than other publicly available ones (Figure 4.4) and can be
more easily updated over time.

In this section, we give an overview of our web crawling architecture, analyze the com-
position of our dataset, and provide evidence that it can support visual Ul modeling for other
platforms.
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4.3.1 Web Ul Crawler

Crawling Architecture

Figure 4.1: Overview of our crawling architecture.cfawling coordinatorcontains a queue of
URLSs to crawl and assigns them to workers iarawler pool Workers asynchronously process
URLSs by visiting them in a automated browser, scraping relevant metadata, then uploading them
to a cloud database.

To collect our dataset, we implemented a parallelizable cloud-based web crawler. Our crawler
consists of(i) a crawling coordinator server that keeps track of visited and queued ULz,
pool of crawler workers that scrapes URLs using a headless browsdiiipadlatabase service
that stores uploaded artifacts from the workers. The crawler worker is implemented using a head-
less framework [243] for interfacing with the Chrome browser. Each crawler worker repeatedly
requests a URL from the coordinator server, which keeps global data structures for visited and
upcoming URLs. The crawler worker includes some simple heuristics to automatically dismiss
certain types of popup&(g.,GDPR cookie warnings) to help it access page content.

We seeded our coordinator using a list of websites that we hypothesized would lead to diverse
examples of web pages (e.g., link aggregation websites and design blogs) and ones that we
expected to have high-quality accessibility metadatg.(government websites). A full list of
our seed websites can be found in the supplementary materials.

We explored several crawling policies and eventually settled on one that encourages diverse
exploration by inversely weighting the probability of visiting a URL by its similarity to the visited
set. For example, if the crawler previously visitetip://example.com/user/alpha ,
it would be less likely to subsequently visittp://example.com/user/beta . We set a
minimum probability so that it is possible to re-visit links to support additional types of analysis
(e.g., temporal changes). The coordinator organizes upcoming (i.e., queued) URLs by their
hostname(i) selects a hosthname randomly with uniform probability, and (iigiselects a URL
using its assigned probability. Empirically, we found this technique to be effective at avoiding
crawler traps, which are websites that cause automated crawlers to get stuck in endless loops
navigating within the same site.
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Data Collected from a Web Page

We used a pool of crawler workers to crawl web pages in parallel, and we visited each URL with
multiple simulated devices. We collected several types of semantic information by querying the
rendering and accessibility engine. We set a timeout limit of 6 minutes for each URL, so some
web pages were not visited by all simulated devices.

Figure 4.2: Screenshots from a web page accessed using 6 different devices: 4 desktop resolu-
tions, a smartphone, and a tablet. By requesting a responsive web page at different resolutions,
we induce several layout variations.@.,navigation and hero button).

Simulated Devices.We sampled each web page with 6 simulated devices: 4 of the most
common desktop resolutions [42], a tablet, and a mobile phone. Devices are simulated by setting
the browser window resolution and user agent to match the goal device, both of which may affect
the page's content and rendering.

Screenshots.Our crawler worker captured two types of screenshiats, visual data) from
websites. We captured a viewport screenshot, with xed image dimensions, and a full-page
screenshot, with variable height. Images were saved using lossy compression to save storage.
While compression can introduce some artifacts, previous work [79] suggests that the effect on
deep learning model performance is minimal.

Accessibility Tree. We used a browser automation library to query Chrome's developer
tools to retrieve an accessibility tree for each page [27]. The accessibility tree is a tree-based
representation of a web page that is shown to assistive technology, such as screen readers. The
tree contains accessibility objects, which usually correspond to Ul elements and can be queried
for properties €.g.,clickability, headings).

Compared to the DOM tree, the accessibility tree is simpli ed by removing redundant nodes
(e.g., idiv¢, tags that are only used for styling) and automatically populated with semantic in-
formation via associated ARIA attributes or inferred from the node's contents. The browser
generates the accessibility tree using a combination of HTML tags, ARIA attributes, and event
listeners €.g.,click handlers) to create a more consistent semantic representation of the Ul. For
instance, there are multiple ways to create a buttog. @ styleddiv ) and the accessibility tree
is intended to unify all of these to a sindletton tag.
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Layout and Computed Style.For each element in the accessibility tree, we stored layout in-
formation from the rendering engine. Speci cally, we retrieved 4 bounding boxes relevant to the
“box model”: (i) the content bounding bokj) the padding bounding boji) the border bound-
ing box, and(iv) the margin bounding box. Each element was also associated with its computed
style information, which included font size, background color and other CSS properties.

4.3.2 Dataset Composition

The WebUI dataset contains 400K web Uls captured over a period of 3 months and cost about
$500 to crawl. We grouped web pages together by their domain name, then generated training
(70%), validation (10%), and testing (20%) splits. This ensured that similar pages from the same

website must appear in the same split. We created four versions of the training dataset. Three of
these splits were generated by randomly sampling a subset of the training split: Web-7k, Web-

70k, Web-350k. We chose 70k as a baseline size, since it is approximately the size of existing

Ul datasets [72, 331]. We also generated an additional split (Web-7k-Resampled) to provide a

small, higher quality split for experimentation. Web-7k-Resampled was generated using a class-
balancing sampling technique, and we removed screens with possible visual defgcte(y

small, occluded, or invisible elements). More information about how this set was generated can

be found in the appendix. The validation and test split was always kept the same.

Figure 4.3: 10 most common element types in the WebUI dataset. Element types are based on
automatically computed roles, which are not mutually exclusive. Text is the most common type,
but many types offer semantic information about what text is used.fpa heading, paragraph

or link.

Comparison to Existing Datasets

WebUI is an order of magnitude larger than existing datasets used for Ul understanding (Figure
4.4) and provides rich semantic and style information not found in mobile datasets. WebUI
focuses on the static properties of web pages and does not store page loading times or element
animations.

We analyzed the makeup of web Uls and compared them to mobile Uls. The distribution
of Ul types €.9. Login, News, Search) in WebUI are also likely to be different than mobile

36



Figure 4.4:. Comparison of WebUI to existing Ul datasets. WebUI contains nearly 400,000 web
pages and is nearly one order of magnitude larger than existing datasets available for download
(Enrico, VINS, Clay, Rico). Each web page also contains multiple screenshots captured using 6
simulated devices.

data, since many web pages are primarily hypertext documents. We extracted elements from the
accessibility tree and categorized them using their computed accessibility role and the role of any
singleton parents. For example, a clickable image is created in HTML by surrounding an image
(iimg¢) element with an anchor element (ja¢). Thus, it is possible for elements to be assigned
to multiple classes. Figure 4.3 shows the frequency of element types in our dataset. Similar to
prior work [331], we nd that text is the most common element in our dataset. However, we nd
limited overlap between the rest of the label set, possibly due to the nature of web data and the
mutually exclusive nature of existing label sets. On average, there were 60 elements on a web Ul,
30 of which were visible in the viewport. This is more than the number of elements on mobile app
screens, which prior work estimated to be around 25 per screen, although this may in part be due
to differences in segmentatioa.{.,a single Rich Text Field on Android can contain differently
formatted text while on HTML they would broken up into different tags). On average, there were
also more clickable elements per web page (20 on web pages vs 15 “interactable” elements on
Android apps), likely due to the prevalence of hyperlinks on the web.

Dataset Quality

Compared to manually labeled examples, automatically extracted annotations can contain errors
that impact modeling performance. We conducted an analysis on a small, randomly sampled data
from our dataset (1000 web pages). While there are numerous possible defects, we focus on three
that we believe are most relevant to data qualifyelement size(ii) element occlusion, an(i)
website responsiveness. Our analysis is primarily focused on quantifying possible defects but
not repairing them. Previous work [170, 265] has explored automated methods for correcting
mismatched labels and occluded elements, and we expect the overall quality of WebUI could be
improved if these were applied..

Element Size. Element size refers to the dimensions of an annotated object in an image.
For example, if a bounding box annotation surrounds an object that is too small relative to the
image resolution, it may be dif cult for a model to identify the object. The average area of
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bounding boxes in our data is approximat&é400@x?, but this may have been in uenced by
short segments of text. The Web Content Accessibility Guidelines (WCAG) guideline for target
size also recommends that interactable elements have a minimum size of 44 by 44 pixels, so
that they can be easily selected by users. In our dataset, one third of interactable elergents (
elements tagged as links or button) were smaller than this threshold.

Element Occlusion.Element occlusion occurs when one object partially or completely cov-
ers another in a screenshot. Occluded elements are detrimental to visual modeling since they
may represent targets that can be impossible to predict correctly. We quanti ed the occlusion
rate by counting the number of screens with overlapping leaf elements. We found that 18% of
screens in our sampled split contained overlapping leaf elements. However, of the overlapping
elements, only a third of them were occluded by more than 20% of their total area.

Responsive Websites.Website responsiveness relates to how well a web page adapts to
different screen viewports. Since we simulated multiple devices for each web page, responsive
websites are likely to produce more variation in their layouts than unresponsive ones. To measure
responsiveness, we automatically computed metrics included in the Chrome Lighthouse tool for
estimating layout responsivene$g:responsiveness of content width to window size @ndhe
use of a viewport meta tag, which is needed for proper mobile rendering. From our analysis we
found that 70% and 80% of processed web pages met the rst, and second criteria, respectively.

In summary, our analysis suggests that most web pages in our dataset meet some basic re-
quirements for visual Ul modeling. Given the reliance of our data collection on extracted acces-
sibility metadata, we expect high quality examples to adhere to good accessibility practices, such
as those outlined by WCAG. However, considering the inaccessibility of the web and that many
criteria are dif cult to verify automatically, we also expect many web pages to violate some of
these criteria. There are other desirable properties for dataset quality that we did noeaeck,
the accurate use of semantic HTML tags, ARIA tags, and tightness of element bounding boxes.
These properties were harder to verify automatically, since they require knowledge of developer
intention and associated tasks. In our analysis, we only attempt to identify possible defects, and
we did not attempt to remove or repair samples. This could be a direction for future work to
improve dataset quality [49, 170].

4.4 Transferring Semantics from Web Data

We hypothesized that web data is similar and relevant to modeling other types of Uls from their
pixels. In this chapter, we are speci cally interested in the mobile domain, as mobile apps of-
ten lack metadata and can only be reliably understood from their visual appearance. In many
cases, manually-annotated mobile datasets are small, and in some cases, labels are completely
unavailable. We used transfer learning to apply our dataset to three existing tasks in the Ul un-
derstanding literaturgi) element detectior(ji) screen classi cation, anflii) screen similarity.

Table 4.1 shows downstream applications where Ul understanding tasks can bene t from web
data. Because each task contains different constramgsggresence of labeled target data) it is

dif cult to apply a single strategy to serve all use-cases. For example, inductive transfer learning
typically requires labels in both the pre-training and ne-tuning phase is impossible to apply to a
setting where target labels are unavailalelg(screen similarity). We expect our three transfer
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learning strategies to be applicable to most future use-cases, since they span all combinations of
labeled data availability (Table 4.1).

Table 4.1: Table of strategies for transferring semantics from web pages to other types of Uls. We
explored scenarios where labeled data is missing in either domain by applying three strategies:
(i) netuning, (ii) semi-supervised learning, afid) domain adaptation.

Approach Finetuning Semi-supervised Learning Domain Adaptation
Application Element Detection Screen Classi cation Screen Similarity
Web (Source) Y N Y

Mobile (Target) Y Y N

4.4.1 Element Detection

Figure 4.5: We applied inductive transfer learning to improve the performance of a element

detection model. First, we pre-trained the model on web pages to predict the location of nodes in
the accessibility tree. Then, we used the weights of the web model to initialize the downstream
model. Finally, we ne-tuned the downstream model on a smaller dataset consisting of mobile

app screens.

Element detection requires a machine learning model to identify the locations and types of
Ul elements from a screenshot. Often these models are based on object detection frameworks.

Element detection is an example of a task where labeled data is available in both the source
and target domain (albeit fewer examples of mobile screens), so it is possible to employ inductive
transfer learning. The WebUI dataset contains the locations of elements that we scraped from
the website accessibility tree. Element types are inferred from the HTML tags and the ARIA
labels [27]. We show that this training strategy results in improvements to element detection
performance.

Model Implementation

We primarily followed the details provided by VINS [44] to implement our element detection
model. The VINS dataset, which we used for training, is composed of 4800 annotated Ul screen-
shots from various sources such as design wireframes, Android apps, and iOS apps. Since the
authors did not release of cial data splits, we randomly partitioned the data into training (70%),
validation (15%), and testing (15%) sets. This speci c split ratio was chosen since it has been
used in other Ul modeling work [313]. The paper identi es 11 primary Ul component classes;
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however the released raw dataset includes a total of 22 class labels. For the extraneous labels, we
either tried to merge them with the 11 primary labelg(,“Remember Me” merged with “Check

Box”) or assigned them to an “Other” class.q.,“Map”) if no good t was found. Instead of

the SSD object detection model [194] used by VINS, we opted to start from the more recent
FCOS model architecture [286], since we found it was easier to modify to support multi-label
training. Previous element detection work [44, 55, 331] trained models to assign one class label
(e.g.,Button, Text eld) to each detected element in the screenshot. To take advantage of multi-
ple, nested de nitions of web elements in our dataset, we trained the object detection model to
predict multiple labels for each bounding box.

Figure 4.5 illustrates the overall training process. In the pre-training phase, the element
detection model is trained on a split of the WebUI dataset. Due to cost and time constraints, we
trained all element detection models for a maximum of 5 days. We also used early stopping on
the validation metric to reduce the chance of over tting. Afterwards, a speci ¢ part of the model
was re-initialized (the object classi cation head) to match the number of classes in the VINS
dataset before it was ne-tuned. We found it dif cult to modify the original SSD architecture
to support the multi-label pre-training, so we only followed the original training from scratch
procedure described in the paper as a baseline.

Results

Table 4.2 shows the performance of each model con guration on the VINS test set, and we show
that our updated con gurations lead to signi cant performance improvements. Our primary
performance metric for this task was the mean average precision (mAP), which is a standard
metric used for object detection models that takes into the accuracy of bounding box loicatjon (
how closely the predicted box overlaps with ground truth) and classi cation (prediction of object
type). The mAP score is calculated by computing an individual average precision (AP) score
for each possible element clagsd., Text, Check Box), which represents the object detector's
accuracy in detecting each object class. The AP scores are averaged to produce the mAP score.
We calculated the mAP score over classes that could be mapped to the original label set in the
paper [44]i.e., we excluded the “Other” class where there was no clear mapping to the original
set. We calculated the un-weighted mean between class APs, which assigns equal importance
to common and rare element types. Our best model con guration performed 0.14 better than
the baseline in terms of MAP score. While the largest source of improvement over the baseline
con guration (SSD) came from the updated FCOS model architecture, our ne-tuning procedure
contributed to gains as well. Speci cally, we note that pre-training with more examples led to
better performance (around 0.04 mAP). Depending on the downstream application of the element
detection model, this improvement could lead to better user experience but would require further
validation. For example, a screen reader [331] does not require tight bounding boxes; however,
it would bene t from detecting more (small) elements on the screen. Query-based design search
[44] could also retrieve more relevant examples.

Although we followed the original training procedure as closely as possible, we were unable
to reach the mAP score reported in the original VINS paper. This can be attribufi¢dto use
of different randomized splits an{d) differences in mappings between class labels from the raw
data to the 11 primary classes, which were not provided in the previously released code. Never-
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theless, since we used the same splits and class mappings across all of our model con gurations,
we expect the relative performance improvements to be consistent.

We also investigated the zero-shot performance of element detectors trained only on web
data (.e., without ne-tuning). It is dif cult to compute performance quantitatively, since the
label sets between the web and mobile datasets do not directly overlap. However, we provide
gualitative evidence that zero-shot learning could be successful. Figure 4.6 shows the output of
a web model when run on mobile app screens from Rico. We conducted minimal preprocessing,
such as cropping out the Android system noti cation bar and the navigation soft buttons. In
many cases, the web analogs of mobile text and image elements are detected accurately, which
suggests that some element classes have consistent appearance across platforms. Interestingly,
some web classes such as links and headings are also detected in the image, which could be used
to infer new semantics such as clickability [276] and navigation landmarks.

Figure 4.6: Output of our element detection models run on two app screens. In many cases,
detections from our web-only model (Blue) coincide with ones from our ne-tuned model (Or-
ange), which suggests some zero-shot transfer capabilities. Predicted tags from the web-only
model also provide additional metadata corresponding to clickabiiity () and heading pre-
diction (heading ); however, the predicted bounding boxes are often less tight than the ne-
tuned model.

Table 4.2: Element detection performance (11 object classes) for different model con gurations.
Pre-training on more web screens led to better performance on mobile screens after ne-tuning.

Model Con guration mAP

SSD (Random Init.) 0.6737
FCOS (Random Init.) 0.7739
FCOS (Pre-trained on Web7k) 0.7877
FCOS (Pre-trained on Web7k-Resampled) 0.7961
FCOS (Pre-trained on Web70k) 0.7921
FCOS (Pre-trained on Web350k) 0.8115
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