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My software doesn’t know
what I'm trying to do.



What if it did?






Demo document

For years I have been driving an old used car with a lot of mileage and I
hate it. It gets me where I need to go, but I'm tired of fixing leaks and
broken parts all the time. Its annoying every times [ need to take it to
the mechanic. Even when they take care of everything, I know I'll just

end up going back there in a few weeks.

[ have finally decided that I am not going to do it anymore. [ have
decided to buy a new car! Unfortunately, I have a problem. I have no
idea what car to get. Do [ want something fast? Do [ want something
big? Do I want something stylish? Something economical? I have so
many choices that I don’t even know where to begin. I am not sure if I
will be able to make the decision on my own. [ don't have not a lot of

money, either, so I probably don't have many options.

After I did some research, I knew that I would need some expert advice.

Eventually, I went to a local dealership to check out some new models. I
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Possibly confused word: Ifs

every times — every time

sederd had done
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Google | nf
nfl standings
nfl scores
nfl schedule

nfl playoff standings
About 102,000,000 results (0.19 seconds)

National Football League
Standings

American Football Conference

Y

I'm Feeling Lucky »

AFC East W L T PCT PF PA STRK
~— Patriots 12 4 0 .750 444 338 W2
@D Jets 8 8 0 500 290 387 W2
-7 Dolphins 8 8 0 .500 317 335 L2
4 Bills 6 10 O .375 339 388 L1
News for nfl standings
(- - NFL Power Rankings: Updated Standings Heading Toward
. 2014 Super Bowl
‘ M Bleacher Report - by David Daniels - 2 days ago
Q) In one season, it digressed from having a Super Bowl-winning head

° coach and the NFL's most excitina plaver at QB to firina the coach




Hints of Intelligent Interaction

Google [nf ] o

nfl standings I'm Feeling Lucky »
nfl scores

nfl schedule

nfl playoff standings

About 102,000,000 results (0.19 seconds)

Type-ahead uses context

National Football League and data to predict search

Standings terms and preview results.
American Football Conference

AFC East W L T PCT PF  PA I —————
~® Patriots 12 4 0 .750 444 338 W2

@D Jets 8 8 0 .500 200 387 W2

_# Dolphins 8 8 0 500 317 335 L2

# Bills 6 10 ©0 375 339 388 L1

News for nfl standings

o~ = NFL Power Rankings: Updated Standings Heading Toward
9 2014 Super Bowl
\ P Bleacher Report - by David Daniels - 2 days ago
. Qs In one season, it digressed from having a Super Bowl-winning head

° coach and the NFL's most excitina plaver at QB to firina the coach




GofRggle

kdd idea y n

kdd 2014
kdd 2017
kdd 2016 registration

kdd 2015 accepted papers
About 553,000 results (1.78 seconds)

Interactive Data Exploration and Analytics (IDEA 2016) - Workshop at ...
poloclub.gatech.edu/idea2016/ v Georgia Institute of Technology ~
IDEA will be a full-day workshop on Sunday, Aug 14, at KDD 2016 in the Embarcadero room in Hotel

Parc 55 (just across the street from the main conference ...

Interactive Data Exploration and Analytics (IDEA 2015) - Workshop at ...

poloclub.gatech.edu/idea2015/ v Georgia Institute of Technology ~
The Interactive Data Exploration and Analytics (IDEA) workshop addresses the ... IDEA will be a full-

day workshop on Monday, Aug 10, at KDD 2015 at the Hilton ...
The IDEA - Dates - Call - Submission

Interactive Data Exploration and Analytics (IDEA 2014) - Workshop at ...
poloclub.gatech.edu/idea2014/ v Georgia Institute of Technology ~
Aug 24, 2014 - The Interactive Data Exploration and Analytics (IDEA) workshop addresses ... Last

year's IDEA at KDD 2013 in Chicago was a great success. <> ...
The IDEA - Program - Keynotes - Dates

IDEA 2016 : KDD 2016 Workshop on Interactive Data Exploration and ...

wikicfp.com/cfp/serviet/event.showcfp?eventid=53928&copyownerid=50759 v
Call for Papers - IDEA @ KDD 2016. KDD 2016 Workshop on Interactive Data Exploration and

Analysis. Sunday, August 14. San Francisco IDEA is a full-day ...
Fri, Oct 14 IDEA 2016

Images for kdd idea Report images

More images for kdd idea
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polo chau L n

polo chau
polo chau google scholar
polo chau dblp

polo chaussure
About 485,000 results (U.54 seconds)

Duen Horng (Polo) Chau - Georgia Tech

www.cc.gatech.edu/~dchau/ v Georgia Institute of Technology College of Computing ~

U Kang, Leman Akoglu, Polo Chau. The 7th ACM International Conference on Web Search and Data
Mining (WSDM2014). New York City. February 24, 2014.

Polo Chau | Georgia Tech - College of Computing
www.cc.gatech.edu/.../polo-ch... ¥ Georgia Institute of Technology College of Computing ~
Polo Chau. Polo Chau. Assistant Professor. Email: polo@gatech.edu. Personal webpage:
http://www.cc.gatech.edu/~dchau ...

Data and Visual Analytics - Polo Club of Data Science - Georgia Tech
poloclub.gatech.edu/cse6242/ v Georgia Institute of Technology ~
Polo Chau, Tue, 3:30-4:00pm (+ 30min after Tue's class at Clough Starbucks), Klaus 1324. Gopi

Krishnan Nambiar, Mon, 9-10 AM, common area between Klaus ...

Duen Horng (Polo) Chau - Google Scholar Citations
https://scholar.google.com/citations?user=YON32W4AAAAJ v Google Scholar ~

Assistant Professor, College of Computing, Georgia Tech - gatech.edu

Parallel crawling for online social networks. DH Chau, S Pandit, S Wang, C Faloutsos. Proceedings of
the 16th international conference on World Wide Web, ...

Polo Chau | LinkedIn

https://www.linkedin.com/in/polochau ~

Atlanta, Georgia - Assistant Professor at Georgia Tech - Georgia Institute of Technology

Assistant Professor at Georgia Tech. ... Georgia Institute of Technology. ... Associate Director, MS in
Analytics.

PoF Duen Horng (Polo) Chau - Georgia Tech - Carnegie Mellon School of ...
www.cs.cmu.edu/~dchau/polo_cv.pdf v Carnegie Mellon University ~
Jul 3, 2013 - RESEARCH INTERESTS. POLO CHAU Legal name: Duen Horng Chau. Assistant

Professor, School of Computational Science & Engineering.

Polo Chau's Talk is Now Live - Science of Networks in Communities

° @
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All Images Shopping News Videos More ~ Search tools

About 543,000 results (0.66 seconds)

Images for polo chaussure Report images

P60

4

More images for polo chaussure

Chaussures - Hommes - Ralph Lauren France
www.ralphlauren.fr/family/index.jsp?... ¥ Translate this page Ralph Lauren Corporation ~
Découvrez les Chaussures Hommes sur Ralph Lauren France, le site officiel de ... Mocassins
Workington cuir vachetta - Polo Ralph Lauren Mocassins - Ralph ...

Chaussures Polo Ralph Lauren homme - le meilleur de la chaussure ...
www.sarenza.com/chaussure-polo-ralph-lauren-homme v Translate this page
Yk Rating: 4.5 - 24,298 votes

Toute la nouvelle collection Polo Ralph Lauren homme est sur Sarenza. Faites votre choix parmi notre
sélection de modéles. Livraison et retour toujours gratuits ...

Chaussures POLO Ralph Lauren Homme, Collection 2016 | Menlook
www.menlook.com ... » Mode » Chaussures » polo ralph lauren v Translate this page
Découvrez la collection de Chaussures POLO Ralph Lauren Homme & Commandez en ligne
Satisfait ou Remboursé @ Livraison Gratuite 4 Retour 30J ...

Chaussures homme Polo Ralph Lauren | Large choix en ligne sur ...
https://www.zalando.fr/chaussures-homme/polo-ralph-lauren/ v Translate this page

Large sélection de chaussures homme Polo Ralph Lauren sur =Zalando ¥ Livraison et retour gratuits
¥ Retrouvez plus de 1 500 marques en ligne.

Chaussures femme Marc O'Polo - Jolies chaussures femme

Er manmen ~ mala Aarme « Fanmsmens « PO hhmsinniinns O A nnansanionans w Teanalabta i masa
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Search Query Auto-Complete

Search Engine Query



Search Query Auto-Complete

Textbox

Search Engine Query



Search Query Auto-Complete

type
Textbox ~—» Response

Search Engine Query



Search Query Auto-Complete

type redict .
Textbox = Response Suggestions

Search Engine Query



Search Query Auto-Complete

type redict , ick
Textbox ~—p Response E Suggestions 2, Query

Search Engine Query
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Search Engine Query



Search Query Auto-Complete

GUIDE
redic’t ok
Textbox 22 Response E Suggestions 2, Query

Search Engine Query



Search Query Auto-Complete

GUIDE DECIDE
edict o/t
Textbox 22 Response 2 Suggestions 2, Query

Search Engine Query



Search Query Auto-Complete

GUIDE DECIDE
redict o/l
Textbox tyﬁbResponse E Suggestions LN Query

N

The input and output domains are the same: text.




Search Query Auto-Complete

GUIDE DECIDE
redict o/l
Textbox tyﬁbResponse E Suggestions LN Query

N

What about more complex input/output relations?




Objectives

Accelerate successful task completion.
Scale to large data or batch repetition.
Support discovery and ambiguous intent.

Long-term learning and improvement.



Objectives

Accelerate successful task completion.
Scale to large data or batch repetition.
Support discovery and ambiguous intent.

Long-term learning and improvement.

Strategy

Model user interface actions in a domain-specific
language (DSL). Leverage the language to

(1) predict potential actions, and

(2) decouple Ul from underlying runtime.
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Accelerate successful task completion.
Scale to large data or batch repetition.
Support discovery and ambiguous intent.

Long-term learning and improvement.

Strategy

Model user interface actions in a domain-specific
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Why Domain-Specific Languages?

Model the task as a program (often a sequence).

~ormalism for reasoning about actions (enumeration, ranking, ...).

Provides means of learning from usage.
Can be re-applied to new inputs.

Cross-compile to different runtimes.



EXAMPLE:
Data Visualization
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VizQL: A DSL for Tabular Visualization

Operators: The operators (+, x, \) and operands (O, Q)

concatenation (+) orovide an algebra for tabular visualization.

cross product (x)

nest (\) Algebraic statements are then compiled to:
Visualizations: partitions, visual encodings

Operands: Queries: selection, projection, group-by...

Ordinal tields

Quantitative tields ~ Users make statements via drag-and-drop
his specifies parameters, not operators!
Operators inferred by data type (O, Q)




Mapping from Textual to Visual Languages

VizQL :
Datga —m—m——m—m — 3 Vs

Domain Specific Language (DSL)
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Mapping from Textual to Visual Languages
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Visualization and Interaction

Shelves
' DSL = Lift ¢ Interact  Ground G'd
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Data —mrriiiiiiiii;;;; oo \Vis

Domain Specific Language (DSL)
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= Rows Region Segment
Filters Category
Region Segment Technology Office Supplies Furniture
Central Consumer _
Corporate
Marks P ]
Home Office [ ]
|l Automatic | East Consumer 1
Corporate ]
& | o[ -
Color Size Label s _
South Consumer _
Detail | Tooltip Corporate _
Home Office [ ]
& @ Category F | West Consumer I
Corporate I
Home Office [ ]
Catego
= $50,000 $100,000 SO $50,000 $100,000 SO $50,000 $100,000
. Technology Sales Sales Sales
B Office Supplies
B Fumiture



r DATA PIPELINES A VISUAL LAYERS

CharlesI Cromwell Charles IIJ W&M corge George 11T
am

JamesTI esil Anne George IT

CHART
Shewing at One View

The Price of The Quarter of Wheat,
& Wages of Labour by the Week
from The Year 1564 to 1821

(' name == "Cromwell") by WILLIAM PLAYFAIR

commonwealth

(! commonwealth && ind

Elizabeth

¥ & @ &

Lyra: A Visualization Design Environment. Arvind Satyanarayan & J. Heer. EuroVis’'14




EXAMPLE:
Data Wrangling



| spend more than half of my time
integrating, cleansing and transforming
data without doing any actual analysis.
Most of the time I'm lucky if | get to do
any “analysis” at all.

Anonymous Data Scientist
from our 2012 interview study






~g® Big Data
@ . L) Borat
BigDataBorat

In Data Science, 80% of time spent prepare
data, 20% of time spent complain about
need for prepare data.




Bureau of Jugtice Sgatistics - Data online
http://bjs.ojp.usdoj.gov/

Reported crime in Alabama

Year
2004
2005
2006
2007
2008

Reported crime in Alaska

Year
2004
2005
2006
2007
2008

Population
4525375 4029.3
4548327 3900
4598050 39357
4627851 5974.09
4661900 4081.959

Population
6577353 3370.9
6632535 3615
6700535 3582
683478 3373.9
686293 20928.3

Property crime

987
955.8
968.9
980. 2
1080.7

2732.4
2656
2645.1
2687
2712.6

Property crime

2573.6
622.8
615.2
938.9
470.9

Reported crime in Arizona

Year
2004
2005
2006
2007
2008

Population
27309879 5073.3
9953007 4827
0166318 4741.6
6338755 4502.6
6500180 4087.3

2456.7
2601
2588.5
2480
2219.9

Property crime

991
946, 2
953
935.4
894 .2

Reported crime in Arkansas

Year
2004
2005
2006
2007
2008

Population
2750000 4055.1
2773708 4068
2810872 4021.6
2834797 3945.5
2855380 3845.7

Property

1056.4
1085.1
1154.4
1124.4
LA

SAL.
2958

2874.1
2780.5
2605.3

crime
2699, 7
2720

2596,7
2574.6
2433.4

rate

300,

289

322.
307.
288,

rate

340,

391

378.
355,
237.

rate

963,

922

914 .
/86,
287.

rate
237
262

270.
246,
ZEF .

o~ - B h Gh =) WO O

Thwn &=

Burglary rate

Burglary rate

Burglary rate

Burglary rate

Larceny-theft

Larceny-theft

Larceny-theft

Larceny-theft

rate

rate

rate

rate

Mot or

MOotTor

Mot or

Mot or

vehicle theft

vehicle theft

vehicle theft

vehicle theft

rate

rate

rate

rate



DataWrangler

rows: 408 prev next
H Year A ', Property_crime_rate 4
1Reported crime in Alabama
Delete rows 8,10 s
Delete empty rows 32004 4029.3
42005 3900
Delete rows where Property_crime_rate 52006 3937
is null 62007 3974.9
72008 4081.9
Delete rows where Year is null 8
9Reported crime in Alaska
10
> Split data repeatedly on newline into 112004 3370.9
rows 122005 3615
> Split data repeatedly on ', 13/2006 3582
14 2007 3373.9

Wrangler: Interactive Visual Specification of Data Transformation Scripts
Sean Kandel et al. CHI'T1
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Traditional Specification

Data Transformation Code

Visualization and Interaction




Traditional Specification

User authors a draft
transformation script

(0o |

Data Transformation Code

Visualization and Interaction




Traditional Specification

User authors a draft User tests the script on a small
transformation script amount of data

Data Transformation Code

Visualization and Interaction




Traditional Specification

User authors a draft User tests the script on a small
transformation script amount of data

Nl

Data Transformation Code

User inspects output data to
assess effects

Visualization and Interaction




Predictive Interaction

Data Transformation Code

Visualization and Interaction




Predictive Interaction

Visualization and Interaction
Data Transformation Code



Predictive Interaction

User highlights
features of a data
visualization

23 Categories

$850 / 1br - CUTE 1 BEDROOM D
$800 / 3br - A lovely, inviti
$3880 / 4pr - Beautiful House

Visualization and Interaction

Data Transformation Code



Predictive Interaction

User highlights
features of a data
visualization

23 Categories

$850 / 1br - CUTE 1 BEDROOM D
$800 / 3br - A lovely, inviti
$3880 / 4pr - Beautiful House

Visualization and Interaction

Algorithms
predict
distribution over

DSL Statements SUGGESTED TRANSFORMS
extract col: Description after: * ~ before: br’
extract col: Description on: 314
extract col: Description on: “# after: ~~
extract col: Description on: “#+ after:
split col: Description after: ~ ~ before: br

TRANSFORM EDITOR

extract col: Description after: =~ ° before: "br’

Data Transformation Code




Predictive Interaction

User highlights Data previews

features of a data allow user to

visualization choose, adjust
and confirm

23 Categories

$850 / 1br - CUTE 1 BEDROOM Di

$800 / 3br - A lovely, inviti
$3880 / {:r - Beautiful House

Visualization and Interaction

Algorithms
predict
distribution over

DSL Statements SUGGESTED TRANSFORMS
extract col: Description after: * ~ before: br’
extract col: Description on: 314
extract col: Description on: “# after: ~~
extract col: Description on: “#+ after:
split col: Description after: * ~ before: br

Data Transformation Code

TRANSFORM EDITOR

extract col: Description after: =~ ° before: "br’




Wrangle Language Building Blocks

Transforms
Split
Extract
-ilter
Derive

Header

Pivot
Aggregate
Join

Union



Wrangle Language Building Blocks

Transforms Parameter Types
Split Text Selection
Extract Column Selection
-ilter Row Selection
Derive Formula

Header Enumeration
Pivot Number

Aggregate String
Join Boolean

Union



Text Selection: A Language within a Language

Transforms Parameter Types
Split Text Selection
Extract Column Selection
-ilter Row Selection
Derive Formula

Header Enumeration
Pivot Number

Aggregate String
Join Boolean

Union



SUGGESTED TRANSFORMS

abc Screen_Detail ¥ abc Screen... abc De
S s 44

6 Categories 2 Categories 8 Catego
31 adtam_name=utargetl&adtam_source=dynamic&adtam_size=180x150 dynamic Nokia
32 adtam_name=holidaypromol&adtam_source=dynamic&adtam_size=300x250 dynamic Nokia
33 adtam_name=utargetl&adtam_source=dynamic&adtam_size=180x150 dynamic samsung
34 adtam_name=holidaypromo2&adtam_source=mobileé&adtam_size=240x400 mobile Nokia

U



SUGGESTED TRANSFORMS

extract col: Screen_Detail on: /(?<=adtam_source\=)["\&]*(?=\&)/
extract col: Screen_Detail on: /(?<=\=)["\&]*(?=\&)/ limit: 2
extract col: Screen_Detail on: /(?<=\=)a-z]+/ limit: 2

abc Screen_Detail ¥ abc Screen... abc De
S s 44

6 Categories 2 Categories 8 Catego
31 adtam_name=utargetl&adtam_source=dynamic&adtam_size=180x150 dynamic Nokia
32 adtam_name=holidaypromol&adtam_source=dynamic&adtam_size=300x250 dynamic Nokia
33 adtam_name=utargetl&adtam_source=dynamic&adtam_size=180x150 dynamic samsung
34 adtam_name=holidaypromo2&adtam_source=mobileé&adtam_size=240x400 mobile Nokia

U



/(?<=adtam_source\=)[M\&]*(?=\&)/



What (not) to match

}
/(?<=adtam_source\=)[MN\&]*(?7=\&)/

! !

Look-behind Look-ahead



Control Characters

b
/(?<=adtam_source\=)[M&|*(?=\&)/

P !

Escaped Literal Characters



Write once, read never.



after: ‘adtam source=' before: '&’



SUGGESTED TRANSFORMS

extract col: Screen_Detail after. ‘adtam_source= before: & l
extract col: Screen_Detail /imit: 2 after. = before: &

extract col: Screen_Detail on: {lowerlt+ limit: 2 after. =

abc Screen_Detail ~ abc Screen... abc De
S s 44

6 Categories 2 Categories 8 Catego
31 adtam_name=utargetl&adtam_source=dynamic&adtam_size=180x150 dynamic Nokia
32 adtam_name=holidaypromol&adtam_source=dynamic&adtam_size=300x250 dynamic Nokia
33 adtam_name=utargetl&adtam_source=dynamic&adtam_size=180x150 dynamic samsung
34 adtam_name=holidaypromo2&adtam_source=mobileé&adtam_size=240x400 mobile Nokia

U



Text Selection: A Language within a Language

Transforms Parameter Types
Split Text Selection
Extract Column Selection
-ilter Row Selection
Derive Formula

Header Enumeration
Pivot Number

Aggregate String
Join Boolean

Union



Text Selection: A Language within a Language

Transforms Parameter Types Text Selection Prepositions
Split Text Selection on

Extract Column Selection from / to

Cilter Row Selection after / betore

Derive Formula

Header Enumeration

Pivot Number

Aggregate String
Join Boolean

Union



Text Selection: A Language within a Language

Transforms Parameter Types Text Selection Prepositions
Split Text Selection on
Extract Column Selection from /to
ilter Row Selection after / before
Derive Formula
. Inference Procedure
Header Enumeration
Pivot Number

Aggregate String
Join Boolean

Union



Text Selection: A Language within a Language

Transforms Parameter Types Text Selection Prepositions
Split Text Selection on
Extract Column Selection from / to
—ilter Row Selection after / betore
Derive Formula
. Inference Procedure
Header Enumeration 1 ol n
5ot Number . User Selects Text(s)

Aggregate String
Join Boolean

Union



Text Selection: A Language within a Language

Transforms
Split
Extract
-ilter
Derive

Header

Pivot
Aggregate
Join

Union

Parameter Types Text Selection Prepositions
Text Selection on

Column Selection from / to

Row Selection after / before

Formula

Inference Procedure
1. User Selects Text(s)

2. Tokenize / Generalize

Enumeration
Number
String
Boolean



Text Selection: A Language within a Language

Transforms
Split
Extract
-ilter
Derive

Header

Pivot
Aggregate
Join

Union

Parameter Types Text Selection Prepositions
Text Selection on

Column Selection from / to

Row Selection after / before

Formula

Inference Procedure
1. User Selects Text(s)

Enumeration

Number
. 2. Tokenize / Generalize
String
3. Generate Clauses
Boolean



Text Selection: A Language within a Language

Transforms
Split
Extract
-ilter
Derive

Header

Pivot
Aggregate
Join

Union

Parameter Types Text Selection Prepositions
Text Selection on

Column Selection from / to

Row Selection after / before

Formula

Inference Procedure
1. User Selects Text(s)

Enumeration

Number
. 2. Tokenize / Generalize
String
3. Generate Clauses
Boolean

4. Combine Clauses



Text Selection: A Language within a Language

Transforms
Split
Extract
-ilter
Derive

Header

Pivot
Aggregate
Join

Union

Parameter Types Text Selection Prepositions
Text Selection on

Column Selection from / to

Row Selection after / before

Formula

Inference Procedure
1. User Selects Text(s)

Enumeration

Number
. 2. Tokenize / Generalize
String
3. Generate Clauses
Boolean

4. Combine Clauses
5. Filter & Rank Patterns




B @

CAND_NAME ABC CAND_NAME2 CAND_NAME ~ ABC CAND_NAME2
R |

4760 Categornes 1,349 Categories 4760 Cateqgories 1 Category
COX, - JOHN:-R. JOHN COX, - JOHN:-R . JOHN
ROBY, -MARTHA MARTHA ROBY, -MARTHA

JOHN, -ROBERT -E- JR ROBERT JOHN, -ROBERT-E-JR JOHN
CRAMER, -ROBERT-E - "BUD" - JR ROBERT CRAMER, -ROBERT-E-"BUD"-JR

BROOKS, -MO MO BROOKS, -MO

COOKE, - STANLEY - KYLE STANLEY COOKE, - STANLEY -KYLE

SEWELL, -TERRI-A. TERRI SEWELL, -TERRI-A.

HILLIARD, -EARL - FREDERICK-JR EARL VS. HILLIARD, -EARL-FREDERICK-JR
CHAMBERLAIN, -DON DON CHAMBERLAIN, -DON

CRAWFORD, -ERIC-ALAN-RICK ERIC CRAWFORD, -ERIC-ALAN-RICK

GREGORY, - JAMES - CHRISTOPHER  JAMES GREGORY, - JAMES - CHRISTOPHER
CAUSEY, -CHAD CHAD CAUSEY, -CHAD

SMITH, - PRINCELLA-D PRINCELLA SMITH, -PRINCELLA-D

GRIFFIN, - JOHN- TIMOTHY JOHN GRIFFIN, - JOHN- TIMOTHY JOHN
ELLIOTT, - JOYCE - ANN JOYCE ELLIOTT, - JOYCE - ANN

SKOCH, -BERNARD - KURT - "BERNIE' BERNARD SKOCH, -BERNARD - KURT - "BERNIE"
WHITAKER, -DAVID. JEFFREY DAVID WHITAKER, -DAVID-.JEFFREY

WOMACK, - STEVE STEVE WOMACK, -STEVE

FALEOMAVAEGA, - ENI ENI FALEOMAVAEGA, - ENI

\



Wrangle Language Building Blocks

Transforms Parameter Types
Split Text Selection
Extract Column Selection
-ilter Row Selection
Derive Formula

Header Enumeration
Pivot Number

Aggregate String
Join Boolean

Union



Wrangle Language Building Blocks

Transforms Parameter Types
Split Text Selection
Extract Column Selection
-ilter Row Selection
Derive Formula

Header Enumeration
Pivot Number

Aggregate String
Join Boolean

Union



Wrangle Language Building Blocks

Transforms Parameter Types Inference Procedure
Split Text Selection

Extract Column Selection

Cilter Row Selection

Derive Formula

Header Enumeration

Pivot Number

Aggregate String
Join Boolean

Union



Wrangle Language Building Blocks

Transforms Parameter Types Inference Procedure

Split Text Selection 1. User Makes Selection(s)
Extract Column Selection

Filter Row Selection

Derive Formula

Header Enumeration

Pivot Number

Aggregate String
Join Boolean

Union



Wrangle Language Building Blocks

Transforms Parameter Types Inference Procedure

Split Text Selection 1. User Makes Selection(s)
Extract Column Selection 2. Infer Parameter Sets
Filter Row Selection

Derive Formula

Header Enumeration

Pivot Number

Aggregate String
Join Boolean

Union



Wrangle Language Building Blocks

Transforms Parameter Types Inference Procedure

Split Text Selection 1. User Makes Selection(s)

Extract Column Selection 2. Infer Parameter Sets

Cilter Row Selection 3. Generate Compatible Transforms
Derive Formula

Header Enumeration

Pivot Number

Aggregate String
Join Boolean

Union



Wrangle Language Building Blocks

Transforms Parameter Types Inference Procedure

Split Text Selection 1. User Makes Selection(s)

Extract Column Selection 2. Infer Parameter Sets

Cilter Row Selection 3. Generate Compatible Transforms
Derive Formula 4. Rank & Cluster Transforms
Header Enumeration

Pivot Number

Aggregate String
Join Boolean

Union



Wrangle Language Building Blocks

Transforms Parameter Types Inference Procedure

Split Text Selection 1. User Makes Selection(s)

Extract Column Selection 2. Infer Parameter Sets

Cilter Row Selection 3. Generate Compatible Transforms
Derive Formula 4. Rank & Cluster Transtorms
Header Enumeration 5. Present Top Results

Pivot Number

Aggregate String
Join Boolean

Union



Predictive Interaction



Auto-Complete

GUIDE DECIDE

t rediCt . ick
Textbox <= Response % Suggestions 2, Query

Search Engine Query




Lifting from DSL to Visual Language

i Interact
Vi CW r————————————————————————— Resu |t

Visualization and Interaction

Lift Ground

write code, compile, run

bata ——————————————————————————————— Output

Domain Specific Language (DSL)



Predictive Interaction

write code, compile, run

bata ————————————————————————————————— Output

Domain Specific Language (DSL)



Predictive Interaction

Lift

write code, compile, run

bata ————————————————————————————————— Output

Domain Specific Language (DSL)



Predictive Interaction

View

Visualization and Interaction

Lift

write code, compile, run

Data

Domain Specific Language (DSL)

Output



Predictive Interaction

: interact
View ——» Response

Visualization and Interaction

Lift

write code, compile, run

Data

Output

Domain Specific Language (DSL)



Predictive Interaction

: interact predict
View ——» Response

Visualization and Interaction

Lift

write code, compile, run

Data

Output

Domain Specific Language (DSL)



Predictive Interaction

: interact predict
View ——» Response

Visualization and Interaction

Lift t ‘

write code, compile, run

Data Output

Domain Specific Language (DSL)



Predictive Interaction

. ict
: interact redic :
View ——» Response Preview

Visualization and Interaction

Lift t ‘ t

write code, compile, run

Data Output

Domain Specific Language (DSL)



Predictive Interaction

: interact redict : ick
View =—» Response : Preview ——— Result

Visualization and Interaction

Lift t ‘ ‘

write code, compile, run

Data Output

Domain Specific Language (DSL)



Predictive Interaction

: interact redict : ick
View =—» Response : Preview ——— Result

Visualization and Interaction

Lift Ground

write code, compile, run

Data

Output

Domain Specific Language (DSL)



Predictive Interaction

GUIDE
. interact redic! , ick
View ——— Response : Preview ——— Result

Visualization and Interaction

Lift Ground

write code, compile, run

Data

Output

Domain Specific Language (DSL)



Predictive Interaction

GUIDE DECIDE
: interact predict : pick
View =—» Response Preview =—————— Result

Visualization and Interaction

Lift Ground

write code, compile, run

Data

Output

Domain Specific Language (DSL)



Why Domain-Specific Languages?

Model the task (often as a sequence). @

User highlights Data previews
_ . . . features of a data e e ' pay allow user to
Cormalism for reasoning about actions. visualization St
> ovid flearning f o
rovides means ot learning rrom usage. S S

Can be re-applied to new inputs.

Cross-compile to different runtimes.

ML methods

TRANSFORM EDITOR

pred.lc't - [ extroct col: Description ofter: before: 'br
distribution over §

oxvact cof Description offer  before b
extiact oo Descripgtion on 14
exvact oo Descripion on & ofer
exvact oo Description on: #+ ofter

spit cof D : after:  befove: e

Visualization and Interaction




Why Domain-Specific Languages?

Model the task (often as a sequence). @

User highlights Data previews
— . . . features of a data abe Description v Ly allow user to
~ormalism for reasoning about actions. visualization i

23 Cotegones

$850 / 1or - CUTE 1 BEOROIN O

Provides means of learning from usage. 7 e~ T, L

$3880 / Qr « Booutiful House

Can be re-applied to new inputs.

Cross-compile to different runtimes.

ML methOdS TRANSFORM EDITOR
p.red.ICt = | extroct col: Description ofter: before: 'br
distribution over

Necessary Components: Al e

extiact oo Descripgtion on 14
llllll oo Description on: & ofter

Visualization and Interaction




Why Domain-Specific Languages?

Model the task (often as a sequence). @

User highlights Data previews
— . . . features of a data abe Description v Ly allow user to
~ormalism for reasoning about actions. visualization i

23 Cotegones

$850 / 1or - CUTE 1 BEOROIN O

Provides means of learning from usage. 7 e~ T, L

$3880 / Qr « Booutiful House

Can be re-applied to new inputs.

Cross-compile to different runtimes.

ML methOdS TRANSFORM EDITOR
p.red.ICt = | extroct col: Description ofter: before: 'br
distribution over

Necessary Components: Al e

exvact cod Description on 14
cccccc oo Description on: & ofter

1. Content Representations

Visualization and Interaction




Why Domain-Specific Languages?

Model the task (often as a sequence). @

User highlights ° Data previews
— . . . features of a data abe Description v Ly allow user to
~ormalism for reasoning about actions. visualization L

23 Cotegones

$850 / 1or - CUTE 1 BEOROIN O

Provides means of learning from usage. 7 e~ T, L

$3880 / Qr « Beautiful House

Can be re-applied to new inputs.

Cross-compile to different runtimes.

ML methOdS TRANSFORM EDITOR
p.red.ICt = ‘ extroct col: Description ofter: before: 'br
distribution over

Necessary Components: et tomonss [T

extiact oo Description on 14
exvact oo Descripion on: # after

1. Content Representations

Visualization and Interaction

2. Language Model



Why Domain-Specific Languages?

Model the task (often as a sequence). @

;Jser highlifghzs leta previc:ws
— . . . eatures of a data abe Description v Ly allow user to
-ormalism for reasoning about actions. | choose, adjust

23 Cotegones

$850 / 1or - CUTE 1 BEOROIN O

Provides means of learning from usage.

Can be re-applied to new inputs.

Cross-compile to different runtimes.

ML n:\GthOdS TRANSFORM EDITOR
p.red.ICt = ‘ extroct col: Description ofter: before: 'br
distribution over

Necessary Components: oS satements [T

exvact cof Description on 14
exvact cod Descrigtion on. & ofter

1. Content Representations

Visualization and Interaction

2. Language Model

3. Preview Mechanisms



Language Design Considerations

User highlights Data previews

features of a data . L allow user to

visualization choose, adjust
and confirm

23 Cotegones

$850 / 1or - CUTE 1 BEOROIM O
500 / 3br - A lovely, inmviti

Data Transformation Code

ML methods
predict

distribution over

DSL statements SUGGESTED TRANSFORMS

extiact oo Deserigtion on 14
exvact oo Description on: & after
exvoct oot Description on: #+ ofter

TRANSFORM EDITOR

[ntro(t col: Description ofter: before: "br

Visualization and Interaction




Language Design Considerations

Expressivity. Supports the tasks. @

User highlights Data previews

features of a data . Ly allow user to

visualization choose, adjust
and confirm

23 Cotegones

$850 / 1or - CUTE 1 BEOROIM O
500 / 3br - A lovely, inmviti

Data Transformation Code

ML methods
predict

distribution over

DSL statements SUGGESTED TRANSFORMS
oxiact col Descripion offer  before b

extiact cod Descrigtion on 14
exvact oo Description on: & after
exvoct oot Description on: #+ offer

TRANSFORM EDITOR

[ntroct col: Description ofter: before: "br

Visualization and Interaction




Language Design Considerations

Expressivity. Supports the tasks. @ ©

User highlights Data previews

features of a data she Description v L allow user to

Problem domain fit. Nouns and verbs e oot

23 Cotegones

$850 / 1or ~ CUTE 1 BEORON O

match domain understanding. 7B~ A, i

$3880 / ,r « Beautiful House

ML methods
predict

distribution over [
DSL statemonts SUGGESTED TRANSFORMS
axiract ool Descrigiion offor  before b
extiact cod Descrigtion on 14
exvact oo Description on # ofter

TRANSFORM EDITOR

extroct col: Description ofter: before: "br

Visualization and Interaction




Language Design Considerations

Expressivity. Supports the tasks. @ ©

User highlights Data previews

features of a data abe Oescription . L allow user to

Problem domain fit. Nouns and verbs e cnd contim

23 Cotegones

$850 / 1or - CUTE 1 BEOROIN O

match domain understanding. i 7 e - 4 o, uni

$3880 / Qr « Beautiful House

Small surface area. Permits tractable

inference, less for users to learn.

ML methods
predict [

TRANSFORM EDITOR

extroct col: Description ofter: before: "br

distribution over L=
DSL Statements SUGGESTED TRANSFORMS

oxvact cof Description offer  before b
extiact oo Descripgtion on 14
exvact oo Descripion on & ofer
exvact oo Description on: #+ ofter

spit cof D : after:  befove: e

Visualization and Interaction




Language Design Considerations

Expressivity. Supports the tasks. (1. . ©

User highlights Data previews
features of a data abe Oescription . Ly allow user to

visualization choose, adjust

Problem domain fit. Nouns and verbs and confirm
match domain understanding.

Small surface area. Permits tractable

$850 / 1or - CUTE 1 BEOROIN O

inference, less for users to learn.

ML methods

d' t TRANSFORM EDITOR
predic (

BOOtSt ra p ra n ki n g ° Ca n t h e | a n 9 u a g e distribution over ‘ extroct col: Description ofter: ~ ° before: 'be

DSL statements SUGGESTED YRANSFORMS
oxtinct ool Description offer  before v

model provide useful suggestions e e

without extensive training data?

Visualization and Interaction




Research Directions
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»ﬁ datavoyager

dl Data Voyager X

&

O
]
&

()

Movies

v A Creative Type
~ A Director
~ A Distributor
v A Major Genre
v A MPAA Rating
v A Release Date
v A Source

A Title

# AUTO (IMDB Rating)
AUTO (IMDB Votes)
AUTO (Production Budget)
AUTO (Rotten Tomatoes Rating) ©
AUTO (Running Time min)
AUTO (US DVD Sales)
AUTO (US Gross)
AUTO (Worldwide Gross)
COUNT

a
)
a
)
a
)
)
)
a
a
a
a
a
)
)
)
)
Y 4

About - Debug - Report an issue

£ https://vega.github.io/voyager/

M Bookmarks (0) O Undo

Explore univariate summaries of each field
Start exploring data by examining each field and continue by selecting interesting data fields in data selector panel.

A Creative Type # COUNT | A Director # CO

null

Contemporary Fiction

Dramatization

g Factual
';; Fantasy
'§ Historical Fiction
G Kids Fiction
Multiple Creative Types

Science Fiction

UNT

Number of Records

0.0k 0.2k 0.4k 0.6k 0.8k 1.0k 1.2k 1.4k
I I I 1 1 1 I

Judd Apatow —

null —E—

Roman Polanski —
Richard Fleischer —
Blake Edwards
Sidney Lumet —
Terry Gilliam —
Steven Spielberg —
Stanley Kubrick —
Shane Meadows —
Michael Polish —
Leonard Nimoy —
Robert Rodriguez —

Alan Alda —
Super Hero Mike Newell
t T T ™ | Adgan Lyne —
ames Cameron —|
0.0k -(_).5k_ ) _1 .0k _ 1.5k Tom Shadyac
A Distributor # COUNT A Major Genre # COUNT
Number of Records Acti
ction
0 100 200 300 null
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Opportunities & Challenges

Ambiguity of Input, Ambiguity of Intent

Applicable Problem Domains & Language Designs

Mixed-Initiative Interaction

User Performance Cliffs

Error Handling & Non-Deterministic Programs

Development Costs
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Research Frontiers for Ul Toolkits

Design Tools for Domain-Specific Languages
Prototype task structures. Analogous to information architecture.

Interface Synthesis
Orchestrate application architecture, generate Ul elements from DSL.

History management, undo, redo, etc provided automatically.

Developers provide custom content representations.

Interfaces that Learn

Provide standard set of inference procedures.

Synthesize instrumentation to enable learning over time.
Visualize and inspect domain-adapted language models.



Objectives

Accelerate successful task completion.
Scale to large data or batch repetition.
Support discovery and ambiguous intent.

Long-term learning and improvement.

Strategy

Model user interface actions in a domain-specific
language (DSL). Leverage the language to

(1) predict potential actions, and

(2) decouple Ul from underlying runtime.
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