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T'he App Economy



http://de.my-walls.net/android-os-robot/

prime amazon

Weather
Channel




MOBILE DEVELOPMENT CHALLENGES

'A\‘ :
7/ Highly Competitive ,E% NO'SVfrFfridbaCk

App Marketplaces (@l cor Reviews

= Fragmentation Touch-Based

H Change/Fault M Fvent-Driven

o Prone APIs . H Interface
O
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Android APl instability [FSE'| 3] Crowdsource-based
[TSETTS] requirements [ICSME'[ 5]
Performance bottlenecks GUI-based testing [MSR’| 5]

[ICSME' [ 5][MSR’ 1 6]

Bug reporting [FSE'| 5]
User reviews [ICSME'| 5]

Optimizing energy [FSE'| 5]
Energy bottlenecks

[MSR'14] Crash Detection [ICST'1 6]

Understanding how developers Mutation Testing [FSE'| 8]
test apps [ICSME'| /]

Design violations [ICSE'[ 8]

\. J . J

Mining Android Supporting evolution and
Software maintenance of
Repositories Android apps



MOBILE DEVELOPMENT CYCLE

Requirements
Analysis —\

Maintenance Design

<= | Implementation
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RESEARCH PROBLEM
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7 Sketch

UI/UX Design Team Development Team
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PRELIMINARY INDUSTRIAL EMPIRICAL STUDY
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: Design Violation
Screens with Taxonomy
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OUR SOLUTION
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GUI Design Specifications
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GUI Implementation



GUI VERIFICATION SYSTEM (GVT)

2) GUI
Comprehension

3) Design Violation

1) GUI-Collection Detection
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Automated Reporting of GUI Design Violations for Mobile Apps

Kevin Moran, Boyang Li, Carlos Bernal-Cardenas, Dan |elf, and Denys Poshyvanyk
College of William & Mary
Department of Computer Science
Williamsburg, VA, USA
|kpmoran, boyang,cebernal, ckjelf denys)@cs.wm.cdu

ABSTRACT

The inceplivn of a mobile app often takes form of & mock-up of
the Graphica! User Interface (GUI), represented as a static image
delineating the proper layout and style of CUI widgets that satisfy
requirements. Following this inltial mock-up, the design artifacts
are then handed off to developers whose gral is to accurately im-
plement these Gl 2nd the desi-ed functionality in cade. Given
the sizeble abstraction gap betweer mock ups anc coce. developers
of:en introduce mistakes related to the GUI that can negatively

unpuct an app's success in highly competitive marks tplaces, More-

over, such mistakes are common in the evolutionary cantext of
rapily changing epps. This lcads to the time-consuming and labo
rious task of design teams verifying tha: each screen of an anp was

1 INTRODUCTION

Intuitive, elegant graphical user inlerface (GUIs) embuodying eJec-
tive user experience (UX) and user interface ([J) design principles

arc ¢sscntial to the success of mobile apps. In fact, one may angue

that these deslan principles are largely responsible for launching
the modern motile platforms that have become so popular tocay.
Apple Inc’s Iaurch of the ilhone in 2007 revelutionized the maoh:le

handset industry (heavily mfluencmeg denvahive platforms melud

ing Android} and larpely centerec on an elegant, well-thought ous:
UX experience, pulling mullitouch gestures anc « natuzal GUT «.
the forefront of the platform experience A decade later, the most
successful mobile apps on today's nighly competitive app storcs
(e.r, Google Plav[5] and Apple's App Store[3]) are those that em-




RESEARCH PROBLEM

7 Sketch Prototype GUI Code

UI/UX Design Team Development Team






EXISTING WORK

Reverse Engineering
Mobile App Interfaces™

Utilizes a combination of
unsupervised Computer Vision
Techniques to Detect Components

Binary Component Classification
(Text or Image)

GUI-hierarchy generated using
heuristics

“Tuan Anh Nguyen and Christoph Csallner. 2015. Reverse Engineering

Mobile Application User Interfaces with REMAUI, In Proceedings of the

2015 30th IEEE/ACM International Conference on Automated Software
Engineering (ASE '15)

Neural Machine Translation
of Images to Code*

Utilizes a Deep-Learning Machine

ranslation Approach to convert
Images into a DSL and then apps

Only tested on a small synthetic
set of apps

Requires a DSL that must be
maintained

+Tony Beltramelli, “pix2code: Generating code from a graphical user
interface screenshot,” CoRR, vol. abs/1705.07962, 2017. [Online].
Available: http://arxiv.org/abs/1705.07962



EXISTING WORK

Commercial Solutions

™

Mockup.io ﬂlg—_w

iffe
“




FIRST PRINCIPLES

How does a developer translate a GUI mock-up into code!

|, Detect or identity GUI-components that exist iIn a mock-up

Detection— Classification— Assembly
2. Classify these GUI-components into their constituent types

3. Assemble the GUI-components into a hierarchy anad
stipulate styles



THE REDRAW FRAMEWORK

@Data Mining & Dynamic Analysis
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PHASE |: GUI-COMPONENT DETECTION

Computer Vision-Based Detection™

Credits to: Steven Walker & William Hollingsworth

® ® v W N 12 8:33 ® &
& Top Charts Q & Top Charts D
TOPFREEAPPS  TOPFREEGAMES  TRENDING  TOP) TOPFREEAPPS TOPFREEGAMES TRENDING  TOP) | “ 1
@ = '
‘ =
b ol — 0
‘ —
o=~ 0= o
l7 gty ]
@ = = [
IOl o | l ]
e 0 O =
Input Image Canny's Edge Edge Contour GUI-Component
P 5 Detection Dilation Bounding Boxes  Bounding Boxes

*Tuan Anh Nguyen and Christoph Csallner. 2015. Reverse Engineering Mobile Application User Interfaces with REMAUI, In Proceedings of the
2015 30th IEEE/ACM International Conference on Automated Software Engineering (ASE '15)



PHASE |: GUI-COMPONENT DETECTION

Parsing Mock-Up Metadata

Google Inc. ¢

V' = | Marketch
MarkEtch Parsing

OO O O O 4

Engine

GUI-Component
Bounding Boxes

Input Image



PHASE 2: GUI-COMPONENT CLASSIFICATION

Convolutional Layer

Max  Convolutional Fully
Pooling Layer Mayx =onnected  pregdictions

o ImageSution: (.5
=l TextView: 0.0
FrogressBar: D0
Button 0.1
e EditTexe 0.0
. Checkbex D.)

! ]
Feature Extraction Classification

ConvNets or CNNs have revolutionized
the task of image classification

Advanced approaches have reached
human-levels of classification accuracy

Source: http://www.wildml.com/20 15/ | | /understanding-convolutional-neural-networks-for-nlp/



ASIDE: CNN BASICS

~

Backpropagate the Error

\_

through the network
and update weights

_J

O Spinner

e

(O Progress Bar
(O TextView

(O Image Button 5% Q

| %6

35 % €

9%

v

~

~

Calculate the Error

According to

Gradient Descent

\_

J




PHASE 2: GUI-COMPONENT CLASSIFICATION

How can we extract a large enough dataset of training images?

Mining Software Repositories

_|_

Automated Dynamic Analysis



PHASE 2: GUI-COMPONENT CLASSIFICATION

E e

Bitbucket
source

FOrge.
>

Software
Repo
Miner

Labeled
Execution Engine Images



PHASE 2: GUI-COMPONENT CLASSIFICATION

ReDraw's CNIN Architecture

Network Layers Parameters

Input Layer e ——————————— M
| I Filter Size=7, numFilters =64, !
| i op ey l
Convolutional Layer + RelU I E“_dg"lg_‘i- iu_'"ie_‘z .
I : Filter Size=7, numFilters =64, :
Cenvolutional Layer + RelU : paddmg:3' stride=2 :

| e T ey

MaxPooling Layer : poolSize=3x3, stride=| '

I - EESEL SRR

Convolutional Layer + RelLU E_F_i_hi_Cl; Size=3, numFilters =96 ]

1 [ e e i e 1
MaxPooling Layer | POOIE—AXLSTgE—! )

TR LR B © ey
Drepout Layer

- —— ————— -y

1 |
FullyConnected + RelU (- I_Og4_n_o:1 e i
I = 3 sccccccccca=-
Dropout Layer MR T
o - - - - -
FullyConnected + RelLU | 1024 nodes _:
| I S = — - .
FulfyConneited + RelU :_ _|_5 i’lgd_es__:
Softmax Layer

v



PHASE 3: GUI-HIERARCHY CONSTRUCTION

: : =

................... = =
E— =) = =
Ez ;;;;;;;;;;;;;;;;;;; — T
4EEEEEEEEEEEEEEEEER » — I:l
O~ 1
Y —— ]

O 0O O

KNN GUI-Hierarchy Generated

Determination GUI-Hierarchy



PHASE 3: APPLICATION ASSEMBLY

1 O

Ol | ol Al o =

h][ ||]][ i ||]][

(L —]

| abeled GU|

Component
Hierarchy

Ol
Q O O

vy ¥

GUI-Code
Generation

N\ /

Color
Quantization
& Histogram

Analysis

N\ - /

Fully Functional
Prototype
Application



EMPIRICAL STUDY

* RQ: CNN Accuracy!
* RQ2: Hierarchy Similarity?
* RQ3: Visual Similarity?

* RQ4: Industrial Applicability?



STUDY |: CNN CLASSIFIER ACCURACY

Context

> Google play

8,655 Applications

| 4,382 Unigue Screens

191,300 Labeled GUI
Component Images

Re

Draw CNN Classifier

Supervised BoVW
Baseline



STUDY | :RESULTS

4%
6%
5%
6%
2%
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0%
0%
7%
4%
0%
0%
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| Toml TV IV

9877
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Confusion Matrix for BoVVW Baseline
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STUDY | :RESULTS
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9877 3% | 2% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0%
5345 X2 1% | 0% | 0% | 1% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0%
1% | 6% 0% | 1% | 1% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0%
5% | 3% | 0% Memtteaniiemtiemmtaen) 0% | 0% | 0% | 0% | 0% | 0%
14% | 3% | 2% 0% | 0% | 0% | 0% | 0% | 0%
PAPARTAR O\Vverall Accu QEIQMo% 0% 0% | 0% | 0% 0%
7% | 0% | 0% 0% | 0% | 0% | 0% | 0% | 0%
5%  29% | 0% 0% | 0% | 0% | 0% | 0% | 0%
0% | 0% | 0% O19% 0% | 0% | 0% | 0% | 0% | 0%
19%  22% | 7% 0% | 0% | 0% | 0% | 0%
12% | 7% | 0% R )9, 0% | 0% | 0% | 0%
0% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0% 0% | 0% | 0%
10% | 13% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0% 0% | 0%
0% | 5% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0% | 0% |EEXA 0%
4% | 3% | 2% | 0% | 0% | 0% | 1% | 0% | 0% | 0% | 1% | 0% | 0% | 0%

Confusion Matrix for ReDraw CNN




STUDY |: CNN CLASSIFIER ACCURACY

1

Density

0 04

Color Key
and Density Plot

©
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£
(@]
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=
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wn

ImageSwitcher

TextSwitcher

CompoundButton

NumberPicker

ViewSwitcher

ToggleButton
RatingBar
SeekBar
RadioButton
Switch
Spinner
ProgressBar

GUI Components

ImageView

ImageButton

Button
EditText
CheckBox

CheckedTextView

TRAVEL_AND_LOCAL
AUTO_AND_VEHICLES

MEDICAL
EDUCATION

ENTERTAINMENT

LIFESTYLE

FOOD_AND_DRINK

SHOPPING

HOUSE_AND_HOME

EVENTS

ART_AND_DESIGN n
coMmIcs (0]
PRODUCTIVITY —
FINANCE (@)
MAPS_AND_NAVIGATION  T3)
HEALTH_AND_FITNESS ()]
DATING "(-U'
BOOKS_AND_REFERENCE
PARENTING @)
SOCIAL >
COMMUNICATION (4
SPORTS "
BUSINESS o
NEWS_AND_MAGAZINES Q)
TOOLS r—
VIDEO_PLAYERS g
LIBRARIES_AND_DEMO  §
PERSONALIZATION (5
WEATHER

PHOTOGRAPHY
MUSIC_AND_AUDIO

BEAUTY

FAMILY_MUSICVIDEO
FAMILY_CREATE
FAMILY
FAMILY_EDUCATION
FAMILY_PRETEND
FAMILY_BRAINGAMES
FAMILY_ACTION



STUDY 2:GUI| HIERARCHY CONSTRUCTION

Context

> Google play

32 Applications

2-3 Unigue Screens (Not
used In Training the CNN)

ReDraw

Pix2Code

REMAU

(Re-implemen

ation)



STUDY 2:GUI| HIERARCHY CONSTRUCTION

larget Prototype
GUI Hierarchy GUI-Hierarchy

=» . it
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flnsertions - 0 < Insertion Penalty < |
f Deletions - 0 < Deletion Penalty < |
f Substitutions - O < Substitution Penalty < |




TUDY 2: RESULTS

Edit Distance

35

30

REMAUI
ReDraw-MockUp
ReDraw-CV
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L I L L L L L |

1 1
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Fraction of Penalty

A) Insertion Edits

Edit Distance
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REMAUI
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ReDraw-CV
Pix2Code
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Fraction of Penalty

B) Deletion Edits
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C) Substitution Edits
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STUDY 3:VISUAL SIMILARITY OF APPS
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STUDY 3:VISUAL SIMILARITY OF APPS
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STUDY 3: RESULTS

Pix2Code(MSE)- [ }— ¢ emwo °c ® ° e o o °
REMAUI(MSE)-
ReDraw—-CV(MSE)-  [fmwe o
ReDraw-MU(MSE)-  [feese © o
Pix2Code(MAE) - — | | e o oo
REMAUI(MAE)- —LI—}———¢ =
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ReDraw-MU(MAE)- — T} . ® o e | |
0.0 0.2 0.4 0.6 0.8

MSE and MAE compared to Ground Truth Screenshots

MAE MSE

ReDrawMU vs. ReDrawCV 0.835 0.02 (Small) ReDrawMU vs. ReDrawCV 0.03 (Small)

ReDrawMU vs. REMAUI 0.542 0.06 (Small) ReDrawMU vs. REMAUI 0.45 (Medium)

ReDrawMU vs. pix2code <0.0002 |-0.34 (Medium) ReDrawMU vs. pix2code -0.27 (Small)

pix2code vs. ReDrawCV <0.0001 0.35 (Medium) pix2code vs. ReDrawCV 0.28 (Small)

pix2code vs. REMAUI <0.0001 0.39 (Medium) pix2code vs. REMAUI 0.61 (Large)

REMAUI vs. ReDrawCV 0.687 -0.04 (Small) REMAUI vs. ReDrawCV -0.42 (Medium)

Mann Whitney U-Test & Cliff's Delta



STUDY4: DEVELOPER UTILITY
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STUDY4: RESULTS

“It’s a good starting point... From a development
standpoint, the thing | would appreciate most is getting
a lot of the boilerplate code done [automatically]”

“There are going to be edge cases for different
layouts, but these are easily fixed after the fact”

“The key thing is fast iteration.A developer could generate
the initial view [using ReDraw|, clean up the layouts, and
have a working app. If a designer could upload a
screenshot, and without any other intervention [ReDraw|
could update the [existing] xml this would be ideal.”



PPLICATIONS GENERATED BY REDRAW

Textgram

®@UeMm ®@HeMm

é About é About

Textgram

version 3.0.9

Coded by

Ali AINoaimi (@el7r)

Artwork

Abdulla AlKattab ~ Sayed Mujtaba

Please follow us at

f v 0 &

Website

www.codeadore.com

Credits

PagerSlidingTabStrip by Andreas Stuetz
ColorPickerView by Daniel Nilsson
Picasso Library by Square
RoundedimageView by Vincent Mi
Cropper by Edmodo

OkHttp by Square

Applntro by Paolo Rotolo

A) Original Application

Textgram
version 3.0.9
Coded by

Ali AINoaimi (@el7r)

Artwork

Abdulla AlKattab ~ Sayed Mujtaba

Please follow us at

fl v B
Website

www.codeadore.com

Credits

PagerSlidingTabStrip by Andreas Stuetz
ColorPickerView by Daniel Nilsson
Picasso Library by Square
RoundedimageView by Vincent Mi
Cropper by Edmodo

OkHttp by Square

Applntro by Paolo Rotolo

B) ReDraw App (MockUp)



APPLICATIONS GENERATED BY REDRAW

Zillow

®@HEMm < H@10:40

& Settings & Feedback
é Settings &amp

Account

Sign in or register Accoun
Sign in or

Help & Feedback reaister

Help Center Help &amp
Help Center

Customer Support

Customer Support

Notifications

Notifications
Saved Homes

OFF
Saved searches m
Saved
App Features & Updates m
App Features &amp
Nearby Saved homes m
Nearby Saved OFF
Nearby open houses
[ ON | Nearby open
Sounds
o sound
Lights
B Light OFF
Android Wear

A) Original Application B) ReDraw App (MockUp)



APPLICATIONS GENERATED BY REDRAW

Bank of America

# UM % = | 9:50

Good Morning

My Balance™
~~

Save
Online ID D Online ID
Passcode
Need help with your ID, Passcode or enrollment?
|
Check
Open an ol
account or customize
find a loan credit card
® O offers

Schedule an

W Explore the path to
Appointment ") Better Money Habits®

A) Original Application
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| J
Passcode
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Schedule an

B) ReDraw App (MockUp)



APPLICATIONS GENERATED BY REDRAW
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A) Original Application B) ReDraw App (CV)



APPLICATIONS GENERATED BY REDRAW

Netflix

] % TH1013 ® &M

Who's Wadtshina?

A) Original Application B) ReDraw App (CV)
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Transactions on Software Engineering

The IEEE Transactions on Software Engineering (TSE) is an archival journal published bimonthly. We are interested in well-defined
theoretical results and empirical studies that have potential impact on the construction, analysis, or management of software. Read the full
scope of TSE.

IEEE TRANSACTICNS ON SOFTWARE ENG NEERING, VOL. #, NO. #, 2018 1

Machine Learning-Based Prototyping of
Graphical User Interfaces for Mobile Apps

Kavin Moran, Stuagent Member, |EEE. Carlos Bernal-Cardenas, Student Member, IEEE,
Michael Curcio, Student Member, IEEE, Richard Bonett, Student Member, IEEE,
and Denys Poshyvanyk, Memoer, IEEE

Absiract—IL is common practice o developers of user-Hacing so'lwarz 0 ransfonn a mock-up of a graphical user interface (GU) nio
code. This prccess takes place both at an application’s incaption and in an evoltidnary context as GUI changes keep pace with
avaling faatures. Unfortunately, this practice is erallenging £2nd tme-consuming. \n this paper, we presant an approach thatl automates
+his preecss by enabling cocurate prototyping of GUIS via throe tashks: deteotion, dassification, end assembly. Firat, logical components
of a GUI are cefected from a mock-up artifact using either computer vision tectnigues or mock-up retadata. Thern, software rapository
mining, automated dynamic analys's, and deep corvelufiona nzural natworks are ufilized to accurately classily GUI-components into
domair-snacific lypas (2 g , ingga-hutten). Finally, a dama-drivan, K-naamset-naijhhors alyorithm garantes a sutanie hawarhical GLI
atructue frem which a prototype applcation can >e autcmatically assermblad. Ve implamented thia approach for Andreid in a ay3atem
called ReDraw. Our evaluation lusirates that REDRAw achieves én average GUI-component classificalon eccuracy of 91% ard
assembles prototype applcations that closely miror target mock-ups in lerms cf visual affinity whie exhibiting reasonable code
structure. Interviaws with ‘ndustrial practitioners ilustrate ReDraw's pateatial to improva ezl cevelopment workflows.

index Terms—GUI, UNN, Modile, Prototyping, Machne-Laarning, Mimng Scitware Hepostones.
+




CONCLUSIONS
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