REBROZ7+0—7 v 725E:
https://junkato.jp/ia/blog/2018/12/19/hci-for-machine-learning/

Human-Computer Interaction perspective
on building ML applications

HCIDBF D “for ML"Z53C DB

J0EE % (@arcatdmz)
M REREAN EERINGR SR EEHRE

XX for ML S8t A= #1



https://junkato.jp/ja/blog/2018/12/19/hci-for-machine-learning/
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YHEERKE AtHEHEE
'09 ¥4, '11 18+, 14 B+ (IFHREBEITS)
2 Microsoft Research Asia

'12/1-4 Research Intern and Fellow

Microsoft Research Redmond
'12/6-9 Research Intern

' Adobe Research Seattle
'13/8-11 Research Intern
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% 2 (@arcatdmz) https://junkato.jp/ja

« Human-Computer Interaction ¥ D FEE = 55 25
« ACM CHI 2017: Associate Chair (= Program Committee) H CI

* ACM UIST 2018, 2017, 2014: Program Committee
« ACM IUI 2018, 2019: Program Committee (= Reviewer)

* Programming Experience 3 57 (?) D EEIEE
* LIVE workshops (co-located w/ ECOOP 2016, SPLASH P L
2017, 2018): Steering Committee, Program Committee

* PX workshops (co-located w/ ECOOP 2016, SPLASH 2017,
<Programming> 2017, 2018): Program Committee

e <Programming> 2018 conference: Program Committee

(SE)



https://chi2017.acm.org/select-subcommittee.html#engineering-interactive-systems
https://uist.acm.org/uist2018/organizers
https://uist.acm.org/uist2017/#program-committee
https://www.acm.org/uist/uist2014/organizers.php
http://iui.acm.org/2018/current_pcs.html
http://iui.acm.org/2019/
https://2016.ecoop.org/track/LIVE-2016
https://2017.splashcon.org/track/live-2017
https://2018.splashcon.org/track/live-2018-papers
https://2016.ecoop.org/track/PX-2016
https://2017.splashcon.org/track/px-17-2
https://2017.programming-conference.org/track/px-2017/
https://2018.programming-conference.org/track/px-2018/
https://2018.programming-conference.org/
https://junkato.jp/ja
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FHHCOS B OEKLAE > T E AL ?

« #8457 ACM CHI

ACM CHI Conference on Human Factors in Computing Systems

« FINET 1) : ACM UIST

ACM Annual Symposium on User Interface Software and Technology

l\ Y 7Eu?ﬂa@g:|:$

b i ETHAF—FY ., =TV T%: ACMDIS

ACM Conference on Designing Interactive Systems
«c BV X T L: ACM IUI
International Conference on InteIIigent User Interfaces
« 7JRAY T I VI FEX "+ IEEE VL/HCC

IEEE Symposium on Visual Languages and Human-Centric Computing
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* Disclaimer: K¥12018FE LU FIH/AT T ...

e Gestalt [UIST “10]

e Label-and-Learn [IUl ‘17]

* Machine Learning for Makers [DIS ‘17]

e DS.js [UIST “17 Best Paper Honorable Mention]

* Programming with Examples [IEEE Computer 49(7), 2016]
* How Non-Experts Actually Build Models [DIS ‘18]




Gestalt: Integrated Support for Implementation

and Analysis in Machine Learning

e Kayur Patel et al., University of Washington & Microsoft Research
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e INFCORREBIEIO—FERLEAT—XLER
s LWhIp B EX VI ERRIRENHAEXTRIC A - 7-22FHEA

Ilmll

0 1 1 0
The most consistent production unit in : b
‘ Hollywood just hit another home run prozlz’l::)t;nznit; b 0 0 1 1 - 329
Full Review (2 omment 10/18/08 a- Hollywood; hit; - 0 1 0 it C. d. 121 -
£y L tomenm  Llel:ilo] B o>
Parsing Attribute 371 | 53 | -11 | 51 | Training Testing [ IR
Generation
/\’ 7_ 172 | 143 | 22" | 021 7 ol
) J o | 16 | 21 | 722 U 2 1 Il v
12 | 117 | 0.02 | 34 =1 20 -

R1: B FEOARBNLT -/ 70— (BRIEDHEC AT vRBTRLT—7 70 —)



Gestalt: Integrated Support for Implementation
and Analysis in Machine Learning
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Gestalt: Integrated Support for Implementation

and Analysis in Machine Learning

c BIEFEMERIILITAIFEAL
 Domain-specific tools: 1. BURIIE/L & F XA A VERE 2. IE7 AT 7 IR
« Disconnected general purpose tools: e.g., A] {21, D &K & F 5 Tableau

« A %% 13 Connected general purpose tools: e.g., MATLAB
« ZZ T, MATLABD £ 2 BIRIFEZ N— X 7 A » |[ZFHEER




Google Colaboratory

e Gestalt= 1F - 7zKayurD 1E 12 T & [ Google ICHLER L T1E - 7=

e Jupyter Colaboratory [2014]H' N — X
* https://github.com/jupyter/colaboratory/graphs/contributors
e ZDED IupyterllIIRT U v ILDD o Tz
e Literate programming (X=f7 A7 7> 7) OHFHE
« LRI
* KayurldGoogle Colaboratory® ) ') — X EFICApplell#ZFE L £ L 7=
e Apple CHEMZFEA XT3V ROMEA o X—VFELTET



https://github.com/jupyter/colaboratory/graphs/contributors

Label-and-Learn: Visualizing the Likelihood of Machine

Learning Classifier's Success During Data Labeling-
Ul 2017

e Sun et al., University of Waterloo
CAVATITA TR BEFEEES T —RITT R ¥
7L TWBEBET, WHICERLBIERZIRRT 5107
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c NBEBEOERENDABET T, &5 s Siees
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Label-and-Learn: Visualizing the Likelihood of Machine
Learning Classifier's Success During Data Labeling

Labeling Progress =

Ul 2017

Test Set Distribution
\ Can you think of a better way of getting the children out? 2
——  Whole Corpus Uncertainty i) _
) ——  #Mistakes in Recent 50 Predictions ; 5 ( ) ¥ -
——— #Mistakes in the Test Set HITEERTalmey a . ey
The people who do not want gun control must obviously discount the entire oy " E
government story. This is simply rationalisation. It is not enough for . "
them to simply dismiss the government as incompetent. That would require @ - . (b)
them to come up with a solution themselves. Instead they have to come L. :
up with a government conspiracy theory whereby the government decided to ' F.
set out to murder 80 ped 'I i N
ks *L i T\\ O) Il\ﬁz Lk O) }/:' AR to get gun control legisl| - & d) ﬂ& C
< BE D JE :, BX D
This conspiracy theory 3 %
agents Killed and that the FBI etc actually enjoy sitting out in the . 4 2 .
middle of Texas being shot at by religious nutters. M " . B
Still the conspiracy theory is comforting, it allows them to pretend that s, ) .
WACO proves nothing except about how incompetent the government is in r v ] %
resolving a hostage crisis. No govt in the world has ever faced a 'l_ ]
comparable situation, quite probably there was no manner in which it P i
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Label-and-Learn: Visualizing the Likelihood of Machine

Learning Classifier's Success During Data Labeling

=

* Naive BayesC
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Machine Learning for Makers: Interactive Sensor Data
Classification Based on Augmented Code Examplizc

* Mellis et al., UC Berkeley
* First author® David Mellis|ZArduinoZ 1E > 7-— A
e Last author|ZPhysical Computmgi’ﬁﬁﬁf ° T2 — A& DBjoern Hartmann
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Machine Learning for Makers: Interactive Sensor Data
Classification Based on Augmented Code Examplm

e GitHub: https://github.com/damellis/ESP/wiki

+ ZANFTANABLAUIT
/N 7 X & pﬂﬁkf ? % - PARAMETER TUNING ::

SIMILARITY

AR VA Y
e TS T/NA R f\\mgmj%
/ / j-l- How similar a live gesture needs to be to a
T_]T_] w7 \ H / A training sample. The lower the number, the
E w t more similar it needs to be.
N
|: "‘ - ~
23 PC/ Mac7§ BHEE 1278 5 TIMEOUT
I j 75\ % 7" How long (in milliseconds) to wait after
\ O - recognizing a gesture before recognizing

another one.

CIREINTWBRAVRT Y ek 10 HiDE
>3 iéﬁﬂ:&)ilJtE%l__l

(Juxtapose, Live Tuning, ...)



https://github.com/damellis/ESP/wiki

DS.js: Turn Any Webpage into an Example-Centric Live
Programming Environment for Learning Data Sc

UIST 2017

e Zhang et al., UC San Diego
* Online PythonTutor T4 % 74 Philip Guo D F 32 = D i R
* Best Paper Honorable Mention

> W Demographics o the word - (e)
s HTML Table)PCSV I —— e U S

Load DS.js!

Population in the world increased from 1990 to 2008 with 1,423 million and 27% growth. Measured by persons, the increase was highest in India (290 million) and China (192 million). Population growth was

4 I S highest in Qatar (174%) and United Arab Emirates (140%).1%° —
1 t6; This table is denoted as t6
2 t6_filtered - t6.where('Population (thousands) 1999', x =» x < 200000);

i 3 t6_filtered.borplot(l, 3);
(a) (b) sl Wnens 0 1990 . 2010 o [

\}
~ N —\ World 5.306,425 6,895,889
l ’ — [ China 1,145,195 1,341,335
== India 873,785 1,224,614

Population (thousands) 2010

5 United States 253,339 310,384

’b \\/ l\ t [/ T % IJ = ndonesia 184,346 239,871
& Brazil 149,650 194,946

= Pakistan 111,845 173,583

1 W Nigeria 97,552 158,423

N Bangladesh 105,256 148,692

— S __0 N - ' |
cBIEZ AT 70y = i
o lioive  joemm = (c) - ... and generate data visualizations

oo ~Nlo alslein -

— ~ < NTO4 | S
~ / ds.js environment 6-0
: ~ R E ezemm (C) - write code to manipulate data tables (d) - table API suggestions
i7177"t6; /7 This table is denoted os t6 /
§ :g_?}me: - tGivA:::e(;;cpuluuon (thousands) 1999', x => x < 200000); Rank Country Pop — i M0 Crowth (%) 10009010
e Indonesia 184 . o o ¢
Brazil 149

« set('Population (thousands) 1990', x => x)

Pakistan  #18  , get_column('Population (thousands) 1990')

Nigeria 978 .« select_columns('Population (thousands) 1990')

Bangladesh 108 * drop_columns('Population (thousands) 1990')

« rename_column( 'Population (thousands) 1990,
"new_label’)

« where('Population (thousands) 1990', x => true)

« sorted('Population (thousands) 1990')

« groupby('Population (thousands) 1990')

© ® N o 0 &

Russia 148
10 Japan 126




DS.js: Turn Any Webpage into an Example-Centric Live
Programming Environment for Learning Data Sci[mf—a—

« BIEIZE I — IR A & AR IRIE X°MATLAB, RStudio

cHBHIELW YT WL, SEIFLTERAEFEET->-TWS
« 77 UY TR TWA T —X %9 {fEZ BDbookmarkletiZ7 > T3
T — X %DSTableZ 7 A T7 v 7 L TEERAAPIZ IR
O— N ER[EILERNRITEE T 5 £ - mEE
tablelCPR O BT —XEYE L Ta— FIZEE Y A% B Ul
T— RO TUNRSARE LTHETHE s smsion nmm

: RANK PLAYER POSITION TEAM SALARY(M)
1 Kobe Bryant SF Los Angeles Lakers 25
2 Joe Johnson SF Brooklyn Nets 24.894863
13 LeRron .lames SF Cleveland Cavaliers 22 970~/
4 Cal _
b.] « Alice 5 Dw In-Context Operations

« Bob 16 Chi s get_element(2, 'PLAYER")

s Carnl i? Chi . get_row(Z)

» | Doug ' 8 Key e split(2)

+ London g Def i

. [ 10 Dw Global Operations

« Paris 511 Lah o num_rows()

« Tokyo 112 Key e num_columns()
14N MMa e aet column name<()



Programming with Examples

» Kato et al., https://junkato.jp/programming-with-examples/
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https://junkato.jp/programming-with-examples/

Grounding Interactive Machine Learning Tool Design in

How Non-Experts Actually Build Models

* Yang et al., CMU HCII & Microsoft Research
cZN (T2 ATV AOHMALEDRAZFTF LT HEICILL

THEMTE z X
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c AV R T IT 4 Tl =EE Y — )L (iMLTools) XJZR
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Grounding Interactive Machine Learning Tool Design in
How Non-Experts Actually Build Models

Non-Experts Supporting Experts*
Profession Example ML Problem count count

Professional Software Engineer Bug report classifier 4 2

Project Manager User feedback classifier 2 2

Manager HR Policy Q&A bot 2 1

Business Analytics Predictive machine maintenance 1 2
Artist Emotion classifier for wearables 1

Botanist Predictive plant nutrient management 1 1
Academic Researcher Sensor signal classifier 1
Clinical Researcher Prognostic classifier 1

Mechanical Engineer Insurance risk estimate 1 1




Grounding Interactive Machine Learning Tool Design in

How Non-Experts Actually Build Models

e [ZFEA] OEYHEAH
e FWEWBRHIMLT—XEE->TWT, FIH
BoTWg (— km@J7J%WUt\%LT@&m)
« EMFE T UBRHLARIDNSRITWAETr—IFHEN. Z0BEEIL. FE)
#O#Uﬁ%@;%0<$£%% %z#wt%ofu%
c EMFE S F L WA EA ST ESITEHH
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Grounding Interactive Machine Learning Tool Design in

How Non-Experts Actually Build Models
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Grounding Interactive Machine Learning Tool Design in
How Non-E ts Actually Build Model
ow Non-Experts Actually Bul odels

e [ZTZA] IFEABAN? DFEE
e H s ETHRFIAXVIEEYAETATNIEETIELDAERYIZS
FLEBHDIC
¢« AERKHELRDODTENETFA MR —DO—TFT AV 7 %T 5
« 70DV HILDIEDAERIETIILAEHARZZZY T 5D TGUIY —IL
ZBXfE I A ERD DH B

e 7OIXZABMIT %)’ (a) Non-Experts (b) ML Consultants (experts)
EZAH. RANIE—HE
TETILIZHEE S B | Use Scenario Problematic Situation

One Solvable Problem
One Feasible Solution

D THEBE LA 7R




Grounding Interactive Machine Learning Tool Design in

How Non-Experts Actually Build Models

+ ZH X2 H 7 A ERATHBRDHIMIEZRNE D
s FART =RV IIVWABINITMRELEDN S EB 5T

* %Aw:ﬁ:)—b (/: /_\\_ ﬁ 7b§2% (a) Non-Experts
BHRIA D, WAIKEL
CETNLEFE>TWITS  dt X
NXIET DENH D

Volume ’ Performance

(b) ML Consultants (experts)

|
Signal/ Noije
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Grounding Interactive Machine Learning Tool Design in

How Non-Experts Actually Build Models

(a) Typical Existing iML Tools and Observed Non-Expert Usage

Display data; List feature engineering options; ——— Display performance matrix.
E'"""ZL'"' List data processing options. List algorithm options.
& Did not read through data; Did not understand “feature”; Did not know how to improve
Often did not pre-process data. Used one algorithm throughout, performance; Proceeded to deploy
Or tried all algorithms available. model once reaching good enough

percentage accuracy.

(b) Test-Driven Machine Teaching :: Interaction Flow

Display data; Suggest/guide feature set design; Communicate model behavior
Check quality of the data; Suggest/guide algorithm picks. via test cases;
Require user to select test cases; based on data characteristics and user Suggest debugging strategies.
Suggest neglected data regions in the selection. priorities captured from the test cases.
data to elicit a test set; Make feature and Examine model performance

Develop a understanding of the data; algorithm picks. based on its behavior on
«  Examine whether data instances are important or » Over time, learns principles and best concrete data instances;

representative; practices of choosing algorithms. Revise features and algorithms

« Gradually formulate their ML goals, priorities and
expected algorithm behaviors;
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e Gestalt [UIST “10]

e Label-and-Learn [IUl ‘17]

* Machine Learning for Makers [DIS 17]

* DS.js [UIST ‘17 Best Paper Honorable Mention]

* Programming with Examples [IEEE Computer 49(7), 2016]
* How Non-Experts Actually Build Models [DIS ‘18]

{ Programmers | Software Engineers }

are { People | Users }, too. —_ Prof Brad Myers
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Interactions for Untangling Messy History in a
Computational Notebook

* Mary Beth Kery and Brad A. Myers. VL/HCC, 2018.
* Best Paper



rends and Trajectories for Explainable,
Accountable and Intelligible Systems: An HCI

Research Agenda
* CHI 2018



he Exploratory Labeling Assistant: Mixed-
Initiative Label Curation with Large Document

Collections
. UIST 2018



