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Part 1

CROWDSOURCING
DATABASE SYSTEMS



Crowdsourcing — What is it?

ATED

2'45 R[SUHS ISE PARTIPATE . —
o N PAR"NPA"UN ummmumm L

sl o == ONLINE A3 BAS?]Z
NS ECROWD s gt =

= =CROWDSOURCING

FoWc ﬂﬂh

= SOIUTIONSSUCCESSFUL CROWDSOURCED
Wl m&“ﬂ'&‘!l}ﬂMHDRAHBN = s PRﬂBlEMS

B m-'lsmlsmm L PROBLENE — 2 o U
) Pt “':‘ml 3 \lSﬂTW‘I[ nmmaa?a = & “‘“"g e i
(150} 5 g g

Crowdsourcing is a process that involves outsourcing tasks to a distributed
group of people. The difference between crowdsourcing and ordinary
outsourcing is that a task or problem is outsourced to an undefined public
rather than a specific body, such as paid employees.



Crowdsourcing on Web 2.0

Shanghai

From Wikipedia, the free encyclopedia

For other uses, see Shanghai (disambiguation).

Shanghai is the largest Chinese city by
population®!¥] and the largest city proper by
population in the world ['% It is one of the four
direct-controlled municipalities, with a population
of more than 24 million as of 20135l it is a
global financial center,['" and a transport hub
with the world's busiest container port [
Located in the Yangtze River Delta in East
China, Shanghai sits at the mouth of the
Yangtze in the middle portion of the Chinese
coast. The municipality borders the provinces of
Jiangsu and Zhejiang to the north, south and
west, and is bounded to the east by the East
China Sea.['?]

For centuries a major administrative, shipping,
and trading town, Shanghai grew in importance
in the 19th century due to European recognition
of its favorable port location and economic
potential. The city was one of five opened to
foreign trade following the British victory over
China in the First Opium War while the
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The Free Encyclopedia
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Municipality

Shanghai Municipalitx

Clockwise from top: A view of the Pudong skyline; Yu
Garden, China Pavilion along with the Expo Axis, neon
signs on Nanjing Road, and The Bund

YAHOO!, ANSWERS

Is there a difference between Honggqiao
Airport and Pudong Airport in
Shanghai? *

I'm flying domestically in China (Guangzhou-Baiyun to Shanghai) and I'.
is there any difference between these 2 airports? They're both same
price? Which airport is better?

Best Answer ( Askers Choice

Marcela P answered 5 months ago
Pudong (PVG) is normally used by international traffic while Honggiao

(SHA) normally used by domestic flights. PVG is quite far from the city,
while SHA is close to downtown.

Asker's rating & comment
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Crowdsourcing on Image Tagging




Crowdsourcing over the Internet

Security Check Required

Security Check
Enter both words below, separated by a space.
Can't read the words below? Try different words or an audio captcha.

Bergen. re CAPTCHA

Cancel\

| (S |




Harness Human Intelligence

e Human workers are better at some complex
jobs than the machines
Creating content
Image tagging
Digitizing paper work
Data verification
Data cleansing
Classification
Rating
Sentiment analysis
More ...




Harness Human Intelligence

e Human workers are better ~*..h me complex
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Harness Human Intelligence

e Human workers are better =% ..y me complex
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The New-York State yacht Squadron, on its annual cruise to Newport came into the
® C I aSS harbor yesterday afternoon. The following are the names of the boats that came to
anchor here: Jessie, gera loliv erelun Annie, Mannering, Julia, Bonita, Magic wut,
. Rambler, floumblie, Henrietta, Sea-Drift and Maria, with the steamer America as a
[ ) Ratl n( tender. On anchoring each boatfired a gun, according to custom. The reports were
~  heard distinctly in the city, causing considerable inquiry as to “"what was up,” and
. quite a number of sanguine individuals came into our office to inquire if the guns
® Se ntl r were not annunciatory signals of the successful laying of the Atlantic Cable. We
invariably replied in the negative. The squadron will leave to-day for Newport. The
yachts Washington and puub'r of this city, start with it, with parties of New Haven

e More o




Harness Human Intelligence

e Work flow of crowdsourcing applications

Human workers
— Human < d

Intelligent Tasks

............

jobs

: Human
User Intelligent Tasks e
applications iF ()
and queries (. : -

& &




Crowdsourcing Platforms

amazon mechanicalturk™

Artificial Artificial Intelligence

— Clickworker:
2 )
source

MICTOTASK @

crowoGUR(Y oo A




Crowdsourcing landscape :...
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Excerpted from For definitions, analysis, free book chapters,  Note aampies ony. see website for full it of cowdsourcing sefvices

Getting Results From Crowds and other crowdsourcing resources go to: ii7 Ag ;
s Humen ol OSSO WA

by Ross Dawson and Steve Bynghall WWW.resultsfromcrowds.com .y




Amazon Mechanical Turk (AMT)

worker
Find an Earn
interesting task Sk money
Make Money
ASKS s ) ) by working on HITs
Fund your Load your Get
account tasks results

Get Results

from Mechanical Turk Workers

requester



Publish HITs on AMT

e Set up your HIT
e Assignment # per HIT

Project Name: 100 image tagging This name is not displayed to Workers.

Describe your HIT to Workers

Title choose the relevant tags for images. $1.5 reward!!!

rs know what to expect

Desaribe the task to ers. Be ss specific as possible, e.g. "answer a survey about movies®, instead

Description  choose the relevant tags for images.

ers a bit more information before they decide to view your HIT

Give more detail about this task. This gives

Keywords image tag

Provide keywords that will help Workers search for your HITs

[C] This project may contain potentially explicit or offensive content, for example, nudity. (see detsils)

Setting up your HIT

Reward per assignment $ 15
Number of assignments per HIT 30
Time allotted per assignment 1 |Hours E]
HIT expires in 2 Days E]

Results are automatically approved in 7 | Days E]

Advanced »




ublish HITs on AMT
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O D e S | g n I ayo ut Select all the words that are relevant to the given image.

&

—

e Question # per HIT

] ${img1_opt1} [ ${img1_opt2} [ ${img1_opt3} [ ${img1_opt4}

U I B

4
<

alf

</script>
<div style="font-family: Arial, Helvetica; font-size: 14px">
<nh3>Select all the words that are relevant to the given image.</h3>
<form onsubmit="return validate_checkbox()">

<div class="image" style="margin-bottom: 25px">

<p style="font-size: 1.2em; font-weight: bold; color: #007B9C;">1. <img alt="image_url" style="margin-right: 20px; border: none" src="${imgl}" /></p>

<div class="options" style="margin-left: 10px; margin-top: 5px"><input type="checkbox" value="${imgl optl}" name="imgl" /> ${imgl optl} &nbsp; <input type="checkbox"
value="${imgl opt2}" name="imgl" /> ${imgl_opt2} &nbsp; <input type="checkbox" value="${imgl opt3}" name="imgl" /> ${imgl opt3} &nbsp; <input type="checkbox"
value="${imgl opt4}" name="imgl" /> ${imgl_opt4} &nbsp;</div>

</div>

<div class="image" style="margin-bottom: 25px">

<p style="font-size: 1.2em; font-weight: bold; color: #007B9C;">2. <img alt="image_url" style="margin-right: 20px; border: none" src="${img2}" /></p>

<div class="options" style="margin-left: 10px; margin-top: S5px"><input type="checkbox" value="${img2 optl}" name="img2" /> ${img2_optl} &nbsp; <input type="checkbox"
value="${img2_ opt2}" name="img2" /> ${img2_opt2} &nbsp; <input type="checkbox" value="${img2 opt3}" name="img2" /> ${img2 opt3} &nbsp; <input type="checkbox"
value="${img2_ opt4}" name="img2" /> ${img2_opt4} &nbsp;</div>

</div>

<div class="image" style="margin-bottom: 25px">

<p style="font-size: 1.2em; font-weight: bold; color: #007B9C;">3. <img alt="image_url" style="margin-right: 20px; border: none" src="${img3}" /></p>

<div class="options" style="margin-left: 10px; margin-top: 5px"><input type="checkbox" value="${img3_optl}" name="img3" /> ${img3_optl} &nbsp; <input type="checkbox"
value="${img3_opt2}" name="img3" /> ${img3_opt2} &nbsp; <input type="checkbox" value="${img3_opt3}" name="img3" /> ${img3_opt3} &nbsp; <input type="checkbox"
value="${img3_opt4}" name="img3" /> ${img3_opt4} &nbsp;</div>

</div>

<div class="image" style="margin-bottom: 25px">

<p style="font-size: 1.2em; font-weight: bold; color: #007B9C;">4. <img alt="image_url" style="margin-right: 20px; border: none" src="${img4}" /></p>

<div class="options" style="margin-left: 10px; margin-top: 5px"><input type="checkbox" value="${img4_optl}" name="img4" /> ${img¢_optl} &nbsp; <input type="checkbox"
value="$§{img4_opt2}" name="img4" /> ${img4_opt2} &nbsp; <input type="checkbox" value="${img4_opt3}" name="img4" /> ${img4_opt3} &nbsp; <input type="checkbox"
value="$§{img¢_opt4}" name="img4" /> ${img4_opt4} &nbsp;</div>

</div>

>



Publish HITs on AMT

e Prepare and upload data file

17



Publish HITs on AMT

e Set up your HIT
e Assignment # per HIT

e Design layout
e Question # per HIT

e Prepare and upload data file
e Walit for the result

sigmod2013cont 2

Created: February 23, 2013 Assignments Completed:

Time Elapsed: 7 days Estimated Completion Time:

Average Time per Assignment: 14 minutes 30 seconds Effective Hourly Rate:

Batch Progress:

46/ 50
August 28, 2013 9:08 PM PDT (TODAY)

$4.138

18



Publish HITs on AMT

®
o
O Answer.ml r1 Answer.ml r2 Answer.ml r3 Answer.ml r4 Answer.ml r5
Negative Negative Positive Positive Positive
® Negative Positive Positive Positive Positive
Positive Negative Positive Negative Positive
® Positive Positive Positive Positive Positive
Negative Negative Positive Positive Positive

@ \VVarnrmortreTTresunt

e Download, parse and analyze the result

e Conflicting answers

19



Need from Crowdsourcing

e A “smarter” system that takes care of
Layout design
HIT generation
Worker assignment
Result analysis
Declarative query
Optimization

More...

Data
ID Imag Tag

rQ MultiChoice (Simage, Stags) —

1 i1 tl

20
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Need from DB Systems

Find CEO and HQ for a list of companies? Are they the same car?

Company CEO Headquarter

IBM
Google
Microsoft
Apple
Oracle

'if:] Yes (@ No

e Crowd helps on DB-hard gueries
e Seeking information
o Adding intelligence



Crowdsourcing DB Systems

e Add crowd functionality into traditional
databases for processing queries that cannot
be easily answered by machines

e Automate certain tasks and provide higher-
level services than existing platforms

22
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Challenges of Crowdsourcing

e Quality
Human workers are prone to errors, and
crowdsourcing results are inevitably noisy

Maliciousness, worker skills, task difficulty
e Cost

Very expensive to publish a huge amount of tasks
E.g., Finding matched pairs from 1000 records

Straightforward: 1000 * 1000 = 1M tasks
$ 0.01 per task * 1M tasks = $ 10000 !
e Latency
It depends on worker pool and job attractiveness

Dependency among tasks



New Challenges to DB Systems

e Closed world — open world
Unbounded amount of data available

e Non-deterministic nature
Human factors — uncertainty

e [rade-off among cost, latency and quality
Optimizations

24



Crowdsourcing DB Systems

e Qurk — MIT
'Marcus-CIDR2011]
[Marcus-SIGMOD2011]
'Marcus-VLDB2012]

e CrowdDB — Berkeley and ETH
[Feng-VLDB2011]
[Franklin-SIGMOD2011]

e Deco — Stanford and UCSC

[Parameswaran-CIKM2012]
[Park-VLDB2013]

e CDAS - NUS
Liu-VLDB2012]
Gao-SIGMOD2013]
00i-SIGKDD2014]

25



Crowdsourcing DB Systems

e Data model
Relational model based

4 Crowdsourcing User

® Query Iang uage Crowdsourcing Result

Query

Declarative Query Processing

Query Parser Ul Templates Parameters

SQ L'Ilke Initial Plan

. Query Optimizer HIT Manager
¢ Query prOCESSIng Optimized Plan HIT1 HIT 2
. - . XXX ®
and optimization i
X ‘\ HIT3 | esesee
R S
Crowdsourcin
Crowgz?:rced && Platforms ° &ﬁ)

System Architecture

26
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Crowdsourcing DB Systems

e Qurk — MIT
e [Marcus-CIDR2011]
e [Marcus-SIGMOD2011]
e [Marcus-VLDB2012]

e CrowdDB — Berkeley and ETH
o [Feng-VLDB2011]
o [Franklin-SIGMOD2011]

e Deco - Stanford and UCSC
o [Parameswaran-CIKM2012]
o [Park-VLDB2013]

e CDAS - NUS
o [Liu-VLDB2012]
o [Gao-SIGMOD2013]
o [00i-SIGKDD2014]




Qurk: Data Model

e Relational model + a few “twists”

e Qurk allows multi-valued attributes
Different responses to the same HIT

e Qurk provides functions to convert multi-
valued attributes to usable single-valued fields

E.g, majorityVote

28
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Qurk: Query Language

e SQL-based query language with user-defined
functions (UDFs)

e Predefined task templates for UDF:

Filter: produces tuples that satisfy the conditions
specified in the UDF

Sort: ranks the input tuples according to the UDFs
specified in the ORDER BY clause

Join: compares input tuples and performs join
according to the UDF; extends syntax with a
POSSIBLY keyword

Generative: allows workers to generate data
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Qurk: Filter Example

SELECT i nmage
FROM car I mage
VWHERE 1 sBl ack(i mage)

TASK 1 sBl ack(field) TYPE Filter:

Pronpt: "<table><tr> \
<td><ing src=" %" ></td> \
<td>ls the car in the image in black col or?</td>
</[tr></table>", tuple[field]

YesText: "Yes”

NoText: "No"

Conbi ner: MajorityVote




Qurk: Sort Example

SELECT squar es. | abel
FROM squar es
ORDER BY squareSort (i ng)

TASK squareSort (field) TYPE Rank:
Si ngul ar Nane: "square"
Pl ur al Name: "squares"
Or der D nensi onNane: "area"
Least Nane: "small est™
Most Nanme: "l argest™
Hm: "<ing src=" %" class=lglng>",tuple[field]

Adam Marcus, Eugene Wu, David R. Karger, Samuel Madden, Robert C. Miller: Human-powered
Sorts and Joins. PVLDB 5(1): 13-24 (2012)




Qurk: Join Example

SELECT c. nane
FROM celeb ¢ JO N photos p

ON sanePerson(c.ing, p.1 ng)

TASK sanePerson(fl1, f2) TYPE Equi Joi n:

Si ngl uar Nane: "cel ebrity"

Pl ural Name: "celebrities"

LeftPreview. "<ing src="%’ class=snlng>",tuplel[fl]
Left Normal : "<ing src="%" class=lglng>",tuplel[fl]
Ri ght Preview "<ing src= %’ class=snl ng>", tupl e2[f 2]
Ri ght Normal : "<ing src= %’ class=lglng>",tuple2[f?2]
Conbi ner: MajorityVote

Adam Marcus, Eugene Wu, David R. Karger, Samuel Madden, Robert C. Miller: Human-powered
Sorts and Joins. PVLDB 5(1): 13-24 (2012)

32



Qurk: Generative Example

SELECT c. nane

FROM celeb ¢ JO N photos p

ON sanmePerson(c.ing, p.i ng)

AND POSSI BLY gender(c.ing) = gender(p.ing)

AND PGOSSI BLY hairCol or(c.i1ng) = hairCol or(p.ing)
AND PGSSI BLY ski nCol or(c.ing) = skinColor(p.ing)

TASK gender (field) TYPE Generati ve:
Pronmpt: "<table><tr> \
<td><ing src="9%" >\
<td>What is this person’s gender? \
</table>", tuple[field]
Response: Radi o(" Gender",[" Ml e", " Fenmal e", UNKNOM]| )

33

Adam Marcus, Eugene Wu, David R. Karger, Samuel Madden, Robert C. Miller: Human-powered
Sorts and Joins. PVLDB 5(1): 13-24 (2012)
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Qurk: Operators

Is the same car in the two images? Is the same car in the two images? Find pairs of images of the same car?

() Yes (® No [C] 1did not find any pairs.
Simple Join Naive batching Join Smart Batching Join

........................................................................................................................................

................................................................................................................................................................................................................................................................................

Comparison-based Sort Rating-based Sort

Adam Marcus, Eugene Wu, David R. Karger, Samuel Madden, Robert C. Miller: Human-powered
Sorts and Joins. PVLDB 5(1): 13-24 (2012)



Qurk: Optimizations

e Runtime pricing

e Input sampling

e Batch predicates

e Operator implementations
e Join heuristics

e Task result cache

e Model training

35
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Crowdsourcing DB Systems

e Qurk — MIT
e [Marcus-CIDR2011]
e [Marcus-SIGMOD2011]
e [Marcus-VLDB2012]

e CrowdDB — Berkeley and ETH
e [Feng-VLDB2011]
e [Franklin-SIGMOD2011]

e Deco - Stanford and UCSC
o [Parameswaran-CIKM2012]
o [Park-VLDB2013]

e CDAS - NUS
o [Liu-VLDB2012]
o [Gao-SIGMOD2013]
o [00i-SIGKDD2014]
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CrowdDB: Query Language

e CrowdSQL: a new keyword CROWD
e Crowdsourced column:

CREATE TABLE car _review (
revi ew STRI NG,
make CROAD STRI NG
nodel CROAD STRI NG
senti nent CROAD STRI NG ;

e Crowdsourced table:

CREATE CROAND TABLE car (
make STRI NG
nodel STRI NG,
col or STRI NG
styl e STRI NG
PRI MARY KEY (make, nodel));




CrowdDB: Query Language

e CrowdSQL: two new built-in functions

e CROWDEQUAL: ~= symbol

SELECT revi ew FROM car _revi ew
VWHERE sentinent ~= "pos";

e CROWDORDER:

SELECT i mage i FROM car | nage

VWHERE subject = " Vol vo S60"

ORDER BY CROANDORDER(1, "Wiich I mage visualizes
better %subject");

38



CrowdDB: Operators

e CrowdProbe
e Collects missing information

e CrowdJoin
e Inner relation is a CROWD table

e CrowdCompare
o Implements CROWDEQUAL and CROWDORDER

Which picture visualizes better
Please fill out the missing
y department data
R e
¢ Name
Please fill out the missing MTJoln —— |:|
company data! (Dep)
Name -t |- 4
7 T —
Headquarter 4
address - Please fill out the missing . -
MTProbe e ain Are the followmg”entmes the
(Professon | { name e
T —— name=Carey E-Mail IBM — Bi
== Big Blue
Department
[Yes | [ Mo |
T ————
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CrowdDB: Example

CREATE CROWD TABLE professor (
name STRING PRIMARY KEY
SELECT *

e-mail STRING
FROM PROFESSOR p, DEPARTMENT d dep STRING
WHERE d.name = p.dep REF department(name)
AND p.name =“Michael J. Carey”

);

CREATE CROWD TABLE department (
name STRING PRIMARY KEY
phone_no STRING);

J Pbunﬁlmnmemsum
+ — W o
0 name="Care p.dep=d.name E MTJoin .
¥ : (e

p.dep = d'nan-'e P - —

My D

1 -
! e Please fill out the missing
k ()‘ """""""""" - f - professor data
1 name= MTProbe

Professor Department : “Carey” (Professor) T L
: T name=Carey E-Mail
: Department

....
e —————
(d) Physical plan

-
-
-
-
-
-
.

- ———— -

(b) Logical plan . (c) Logical plan

before optimization after optimization

Rule based optimizer

Michael J. Franklin, Donald Kossmann, Tim Kraska, Sukriti Ramesh, Reynold Xin: CrowdDB:
answering queries with crowdsourcing. SIGMOD Conference 2011: 61-72



CrowdDB: Optimizations

e Rule-based optimizer
Predicate push-down
Join ordering
Bounded plan

e Simple heuristics to set the crowd parameters
Price per HIT
Batch size
Replication factor

41
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Crowdsourcing DB Systems

e Qurk — MIT
e [Marcus-CIDR2011]
e [Marcus-SIGMOD2011]
e [Marcus-VLDB2012]

e CrowdDB — Berkeley and ETH
o [Feng-VLDB2011]
o [Franklin-SIGMOD2011]

e Deco — Stanford and UCSC
e [Parameswaran-CIKM2012]
e [Park-VLDB2013]

e CDAS - NUS
o [Liu-VLDB2012]
o [Gao-SIGMOD2013]
o [00i-SIGKDD2014]




Deco: Data Model

e Conceptual relation: user view
Anchor attributes (entities)
Dependent attributes (properties of entities)
Country(country, [language], [capital])
e Raw schema: system view
RDBMS as back-end
Anchor table containing anchor attributes

Dependent table for each dependent attribute
CountryA(country),
CountryD1(country, language)
CountryD2(country, captital)

43



Deco: Rules

e Fetch rules Al1 =AJ2:P

@ = country: Ask for a new country nane
country = capital: Ask for the captital given a
country nane

e Resolution rules

@ = country: dupElim
country = capital: nmpjority-of-3

e "MinTuples n” to avoid empty-answer
MaxCost c
MaxTime t
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Deco: Operators

e Scan

e Project

o Filter

e Dependent left outer join
e Fetch

e Resolve

e MinTuples




Deco: Example

46

SELECT country,
FROM Country

VWHERE | anguage=‘ Spani sh’

M NTUPLES 8

capi t al

MinTuples[8]

Project[co,ca]

I

DLOJoin[co]

Filter[la="Spanish’]

DLOJoin[co]

13

6| Resolve[dupeli]

Scan

Fetch

10

Resolve[maj3]

Scan

Fetch

12| Resolve[maj3]
| |
Scan Fetch ”
[CtryD2] | |[co—>ca]
A ;

11



Deco: Example

a7

SELECT country,
FROM Country

VWHERE | anguage=‘ Spani sh’

M NTUPLES 8

capi t al

MinTuples[8]

Project[co,ca]

DLOJoin[co]

I

4| Filter[la='Spanish’] 12| Resolve[maj3]
I I
5 DLOJoin[co] 13| Scan Fetch 14
[CtryD2] | |[co=>ca]
~ E
I i RS
6| Resolve[dupeli] 9| Resolve[maj3]
I
]
Scan ;Q Fetch ‘>0 Scan Fetch 11
[CtryA] la=2co [CtryD1] | | [co—>la]
A e ;




Deco: Optimizations

e EXisting vs. new data
Fetch only Iif raw tables do not have sufficient data

e Statistical information

Existing data: maintained by RDBMS
New data: provided by schema designer/user

e Search space
Possible join ordering
Available fetch rules
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Crowdsourcing DB Systems

e Qurk — MIT
e [Marcus-CIDR2011]
e [Marcus-SIGMOD2011]
e [Marcus-VLDB2012]

e CrowdDB — Berkeley and ETH
o [Feng-VLDB2011]
o [Franklin-SIGMOD2011]

e Deco - Stanford and UCSC
o [Parameswaran-CIKM2012]
o [Park-VLDB2013]

e CDAS - NUS
e [Liu-VLDB2012]
o [Gao-SIGMOD2013]
e [00i-SIGKDD2014]
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CDAS: Overview

e CDAS: Crowdsourcing Data Analytics System
e http://www.comp.nus.edu.sg/~cdas/

e Aim: exploit the crowd intelligence for improving
the performance of data analytics jobs

\

User

Data Analytics Jobs

Machine-Crowdsourcing Hybrid Engine gV UG RV,

Crowdsourcing Quality Control Services RN T,

Crowdsourcing Management Platform

e Crowdsourcing
Workers



CDAS: Overview

~

l Query

Crowdsourcing User

T Results

~ 1. Compile Query

2. Generate
> Query Plan &
Optimization

T Query Optimizer
Relations “ > v e
—— = elect
o I =
CSelect2 Oplimizalian CSelect1
CJl , | CSelect2
) 9 Strategies |
Statistics T TN = R R,
| Estimation | Initial Plan Optimized Plan
Crowdsourcing Executor
R =
| Cselect Y (_ coin ) (  cFil : :| Assigner ’ :
| @) Yes (®) Yes ~W [ — :
() No (O No L ‘ Combiner ’ |
. J

| e
. Quality Control:

(8)& Crowdsourcing Platform (9)&

_ 3. Post Human
Intelligence Tasks
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CDAS: Query Language

e Selection query

SELECT i.i mage
FROM car i mage i

VWHERE nmake = “Volvo” AND col or = “black” AND quality = “high”
e JoIn query

SELECT c.*, i.imge

FROM car c, car_imge i

VWHERE c. make = i.make AND c. nodel = i.nodel

JoinFilter c.style = i.style

e Complex query

SELECT c.*, i.inmage, r.review

FROM car c, car_inmage i, car_reviewr

VWHERE r.sentinent = “pos” AND i.color = “black”
AND c. make = i.mke AND c. nodel = i. nodel

AND c. make = r.nmake AND c. nodel = r. nodel
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CDAS: Operators

e CrowdSelect (CSelect)

e Leverage the crowd to select the items satisfying
certain constraints

i Does the image satisfy the A — Operator |nput

following constraints? )
e A set of items

, % (C;: make=Volvo .
&2 C,: model=S80 * Some constraints
: Cs: style=Sedan

— Operator Output
Your Choice: i
@ Yes, it does e The subset of items
O No, it doesn’t satisfying the constraints

\& J
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CDAS: Operators

e CrowdJoin (CJoin)

e Solicit the crowd to match the items according to
some matching criteria

[ Do the review and the image . — Operator |nput

mention the same car? ]
e Two sets of items

Matching Criteria:

Cy: same make e Matching criteria
C,: same model
e — Operator Output
or ekl R Your Choice:
Volvo S80 1s . . . .
the flagship || (@ Yes, they do e The item pairs satisfying
model for th > . .
brana. || O No, they don’t the criteria

\_ _/
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CDAS: Operators

e CrowdFill (CFill)

e Ask the crowd to fill in missing values for some
item attributes

rFill the values of attributes forN — Ope rator |nput

the cars in images .
* Aset of items

color of the car in the image:

B Candidates: e An attribute of interest
gk — Operator Output
il e The filled values for the
Your Choice: | v attributes of the items

\. J




CDAS: Example

SQL Statement
(212
SELECT [a.%, Rj.review, R3.image

FROM REVIEW Rj. AUTOMOBILE Rz, IMAGE R3
WHERE Ry.sentiment ="pos”

AND Ra.color ="bluck” AND Ra.quality ="high”
AND Ri.make =Rs.make AND Rj.model =Rs.model
AND R>.make =R3.make AND R2.model =R3.model

Crowdsourcing Result

..

Volvo S80

Query Plan

CSelect o;

qua

CSelect o;

Cloin 0}

\

R;.make=R,.make
R;.model=R;.model

Cloin o,

R,.make=R,.make

/ wmodehkg.model

R>

lity = "high”

CFill 0}

make

CSelect o]

color = "black™

sentiment = "pos™

Human Intelligence Tasks
Select Images i r.l oin Image and Review i Fill Car Attributes

Your Choice:
O Yes, it does
® No, it doesn’t

> C\: make=,
A¥# (,: model=...
C5: style=...

- Conditions:
\ C;: make
C>: model

The 2014 Ao
vovasso i 1T Choice:
the flagship O Yes
model for the
brand... @ No

/U

color of car in the image:

1: black
2: red
3: blue

Your Choice: | |+]

J

&& Crowdsourcing Platform &(%
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CDAS: Optimizations

e Objective I: Cost Minimization

Find the query plan that minimizes the overall cost
for evaluating a crowdsourcing query

e Objective Il Latency Bounded Cost
Minimization
Latency cannot exceed a constraint

Minimizing the query plan with latency bound and
minimum overall monetary cost
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GEMINI: GEneralizable Medical Information aNalysis and  ss
Integration System

e Hybrid human-machine intelligent data management system
optimized for healthcare domain

e To provide comprehensive holistic views of patients and
supports real-time analytics

Profiling Analytics Users
Entity Relationship Paﬁ‘?”t Analytics Algo. = &
Extraction Generation Profiles # ‘q}\\,
Classification ﬁ*&
Candidate Entity - Doctors
Entities Relationships Training Data
Labeling Cluster
Collecti Feature Prediction
Doctor Q&A orective Selection
Inference |1 . L TTE ) 0L
Admins
Ep [ epiC Platform )T 1 Doctor Interaction Platform
)L

B. C. Ooi, K.-L. Tan, Q.T. Tran, J.W.L. Yip, G. Chen, Z.J. Ling, T. Nguyen, A.K.H. Tung, M. Zhang:
Contextual Crowd Intelligence. SIGKDD Exploration, 2014 .



A Hybrid Machine-Crowdsourcing Solution for Web Table s

Integration

e Hybrid human-machine intelligent system optimized for web

table integration

e Knowledge base + Crowdsourcing
Phase 1

Machine-Crowdsourcing Hybrid Concept Determination

Web Table Column Selector Catalog Index
Corpus : : : Builder
P Candidate Concept Column Relationship
Generation Generation
Instance to
Table
Databases Column Concept Column Influence Sl
Graph Relationship
Column Difficulty Column Influence Concept
Table Index Estimator Estimator Inverted Index

Table Context Column Concept

HIT Generator Determination

@n& Crowdsourcing Platform 8)@

Phase 2

Concept Catalog

Concepts
A A D
/ /T
~ d / /
-~ -~ - Y
{ ( Vs
E Al Az L A A

Table Match Generation

Ju Fan, Meiyu Lu, Beng Chin Ooi, Wang-Chiew Tan, Meihui Zhang: A hybrid machine-

crowdsourcing system for matching web tables. ICDE 2014: 976-987



Part 1 Summary

e Crowdsourcing is a novel paradigm to help
solve DB-hard problems

e Crowdsourcing database systems
Qurk, CrowdDB, Deco, CDAS
Data model
Query language
Crowd operators
Optimization issues
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Part 2

HUMAN POWERED
DATABASE OPERATIONS



New Challenges

63

e Open-world
assumption (OWA)

Eg, workers suggest a
new relevant image

e Non-deterministic
algorithmic behavior

Eg, different answers
by the same workers

e Trade-off among cost,
latency, and accuracy

http://www.info.teradata.com |
Database Predicate

False True
itions Propositions




Size of Comparison

e Diverse forms of questions in a HIT
e Different sizes of comparisons in a question

Which is better?
Binary A -
guestion -
O
Accuracy Cost
Latency
N-ary
¥ question

64



Size of Batch

e Repetitions of questions within a HIT
e EQ, two n-ary questions (batch factor b=2)

Smaller b A

Cost
Latency

Accuracy

Larger b
v g
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Response (r)

e # of human responses seeked for a HIT

r=1 r=3

Which is better?

Which is better?

Cost, Latency Accuracy
<€ >

Smaller r Larger r




Round (= Step)

e Algorithms are executed in rounds

e # of rounds = latency
Round #1 Round #2

Which is better?

Which is better?

Parallel
Execution

Sequential Execution



DB Operations

e The focus of Part 2
Top-1 (= Max)
Top-k
Sort
Demo
Select
Count
Join
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Top-1 Operation

e Find the top-1, either MAX or MIN, among
N items w.r.t. a predicate P

e Often P is subjective, fuzzy, ambiguous,
and/or difficult-for-machines-to-compute

e Which is the most “representative” image of
Shanghai?

e Which animal is the most “dangerous”™?
o Which soccer player is the most “valuable”?

e Note
e Avoid sorting all N items to find top-1
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Top-1 Operation

e Examples

[Venetis-WWW12] introduces the bubble max
and tournament-based max in a parameterized
framework

[Guo-SIGMOD12] studies how to find max using
pair-wise questions in the tournament-like setting
and how to improve accuracy by asking more
guestions
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Max [Venetis-WWW12]

e Eg, Finding peak hours
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Max [Venetis-WWW12]

e Introduced two Max algorithms
o Bubble Max
e Tournament Max

e Parameterized framework

e S;: size of sets compared at the i-th round
e r;: # of human responses at the I-th round

Which is better? A Which is the best?

m‘ " a
o 0 o

s =3 Ao
r.=2 -




Max [Venetis-WWW12]

e Bubble Max Case #1

e N=5

« Rounds =3

o # of questions =
n+r+ry=11
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Max [Venetis-WWW12]

e Bubble Max Case #2

e N=5

e Rounds =2

o # of questions =
r+r, =8

S, =2

r,=5 E
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Max [Venetis-WWW12]

e [ournament Max N =5

e Rounds =3
o # of questions
=r,+r,+ry3+r,=10




Max [Venetis-WWW12]

e How to find optimal parameters?: s, and r.
e Tuning Strategies (using Hill Climbing)
Constant s, and r;
Constant s, and varying r.
Varying s; and r,

76



Max [Venetis-WWW12]

rnamen

Tou

Prmax item]
S © O

25 50 75 100
Budget (B)
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Max [Venetis-WWW12]

Tournament
'E' - N
Q 0-75_ | | === Varying r;, s
x 0.5 { | == Varying r;
%0.25_ ] Constant r;, s;
ol - | | |



Top-k Operation

e Find top-k items among N items w.r.t. a
predicate P

e Top-k list vs. top-k set

e Objective
o Avoid sorting all N items to find top-k

79



Top-k Operation

e Examples
[Davidson-ICDT13] investigates the variable user
error model in solving top-k list problem

[Polychronopoulous-WebDB13] proposes
tournament-based top-k set solution

80
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Top-k Operation

e Naive solution is to “sort” N items and pick
top-k items
e Eg, N=5, k=2, “FIind two best Bali images?”

o Ask £ ;’ j = 10 pair-wise guestions to get a total
orde

o Pick top-2 images
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Top-k: Tournament Solution (k = 2)

e Phase 1: Building a tournament tree

e For each comparison, only winners are promoted
to the next round

Round 3

Total, 4 questions
with 3 rounds

Round 1
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Top-k: Tournament Solution (k = 2)

e Phase 2: Updating a tournament tree

e lteratively asking pair-wise guestions from the
bottom level

Round 3
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Top-k: Tournament Solution (k = 2)

e Phase 2: Updating a tournament tree

o lteratively asking pair-wise guestions from the
bottom level

Round 5

Round 4 Total, 6 questions
With 5 rounds




Top-k: Tournament Solution

e This is a top-k list algorithm

e Analysis
| k=1 k22
# of questions O(n) O(n + k [logynl)
# of rounds O(l'log,n'l) O(k [log,nT)

e If there Is no constraint for the number of
rounds, this tournament sort based top-k
scheme yields the optimal result
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Top-k [Polychronopoulous-WebDB13]

e Top-k set algorithm
Top-k items are “better” than remaining items
Capture NO ranking among top-k items

K items
Tournament-based approach

e Can become a Top-k list algorithm

Eg, Top-k set algorithm, followed by [Marcus-
VLDB11] to sort k items

86
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Top-k [Polychronopoulous-WebDB13]

e Algorithm
Input: N items, integer k and s (ie, s > k)
Output: top-k set
Procedure:
O €& N items
While |O] > k
= Partition O into disjoint subsets of size s

= |dentify top-k items in each subset of size s: s-rank(s)
= Merge all top-k items into O

Return O

e More effective when s and k are small
Eg, s-rank(20) with k=10 may give poor accuracy



Top-k [Polychronopoulous-WebDBl3]

e Eg, N=10, s=4, k=2

88
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Top-k [Polychronopoulous-WebDB13]

e s-rank(s)
// workers rank s items and aggregate
Input: s items, integer Kk (ie, s > k), w workers
Output: top-k items among s items

Procedure:

For each of w workers
= Rank s items = comparison-based sort [Marcus-VLDB11]

Merge w rankings of s items into a single ranking
= Use median-rank aggregation [Dwork-WWW01]

Return top-k item from the merged ranking of s items



Top-k [Polychronopoulous-WebDB13]

e Eg, s-rank(): s=4, k=2, w=3

Median
Ranks
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Top-k [Polychronopoulous-WebDB13]

e Comparison to Max [Venetis-WWW12]

0.55

10000 items.k=1, s=10

AVErage error

4000

top-k, adaptive (default spam) —&—

max (default spam)

._-_?‘C\“

6000 8000
Budget

= d

[000(
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Top-k [Polychronopoulous-WebDB13]

e Comparison to Sort [Marcus-VLDB11]
300 items,k=5,s=10, batch size 10, 20% spam

AVErage error

O — N WU X

sort alg. (1303 HITs) —¢—

K

L sort alg., 5 workers per batch(6516 HITs)
top-k alg. adaptive, (425-3554 .
X
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Sort Operation

e Rank N items w.r.t. a predicate P

SELECT *
FROM Soccer Pl ayers AS P
VHERE P. Wr | dCupYear = ‘2014’

ORDER BY CrowdQp(‘ nost-val uabl e’)
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Naive Sort

e Eg, “Which of two players Is better?”

e Naive all pair-wise comparisons takes ( ';' )
comparisons
e Optimal # of comparison is O(N log N)

ho IS better? ho IS better? ho IS etter?




95

Naive Sort

e Conflicting opinions may occur
o Cycle:A>B,B>C,andC>A

e If no cycle occurs

nn - - 1 N
» Naive all pair-wise comparisons takes ( 5 )
comparisons

e |f cycle exists
e More comparisons from workers
o Break cycle




Sort [Marcus-VLDB11]}

e Proposed 3 crowdsourced sort algorithms

e #1: Comparison-based Sort
Workers rank S items (SC N) per HIT
Each HIT yields ( 2) pair-wise comparisons

Build a directed graph using all pair-wise
comparisons from all workers
If i > |, then add an edge from i to |
Break a cycle in the graph: “head-to-head”
Eg, If i > ] occurs 3 times and | <] occurs 2 times, keep
only i > |
Perform a topological sort in the DAG
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Sort [Marcus-VLDB11]}

There are 2 groups of squares. We want to order the squares
in each group from smallest to largest.

¢ FEach group is surrounded by a dotted line. Only compare the squares within a group.
» Within cach group, assign a number from 1 to 7 to cach square, so that:
I represents the smallest square, and 7 represents the largest.
o We do not care about the specific value of each square, only the relative order of the squares.
> Some groups may have less than 7 squares. That is OK: use less than 7 numbers, and make sure they are ordered
according to size.
If two squares in a group are the same size, you should assign them the same number.
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Sort [Marcus-VLDB11]
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Sort [Marcus-VLDB11]
o N=5, S=3 Sorted

Result

Topological
Sort

—
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Sort [Marcus-VLDB11]}

e #2: Rating-based Sort
o W workers rate each item along a numerical scale
e Compute the mean of W ratings of each item
o Sort all items using their means
e Requires W*N HITs: O(N)

Mean

rating
W2 3 L]
wa 4 Q a6
|
w1 1
W2 2
W3 1 8.2
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Sort [Marcus-VLDB11]}

There are 2 squares below. We want to rate squares by
their size.

¢ For each square, assign it a number from | (smallest) to 7 (largest) indicating its size.
e For perspective, here is a small number of other randomly picked squares:

""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""

........................................................................................................................................

........................................................................................................................................
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Sort [Marcus-VLDB11]}

e #3: Hybrid Sort

First, do rating-based sort = sorted list L

Second, do comparison-based sorton S (SC L)
S may not be accurately sorted

How to select the size of S
Random
Confidence-based
Sliding window
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Sort [Marcus-VLDB11]

e Q1: squares by size

e Q2: adult size

e Q3: dangerousness

e Q4: how much animal
belongs to Saturn

e Non-sensical question

e Q5: random response



Finds that in general pos

Sort [Marcus-VL DB 11] comparison-sort > |

rating-sort

Kappa/Tau

O
o

O
o

\

O
N

\\\\\\\\K\\\\\\\W
fm

r\

@
U

¥ Tau Tau-Sample # Kaepa Kappa-Sample

Rank correlation btw. Worker agreement
Comparison vs. rating
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Sort [Marcus-VLDB11]}

1

0.95

0.9

Tau

0.85

0.8

0.75

/ Hybrid Algorithm | :

[ l [ 1

20 40 60 80
# HITs

==Random —Confidence * ‘Window(5) —Window(6) ““-Compare * -Rate




106

Demo: Human-Powered Sorting

e From your smartphone or laptop, access the
following URL or QR code:

http://1s.gd/ E u2nU
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Select Operation

e Given N items, select m items that satisfy
a predicate P

e = Filter, Find, Screen, Search | ~w WE

FILTER

\ 4
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Select Operation

e Examples

[Yan-MobiSys10] uses crowds to search an
Image relevant to a query

Parameswaran-SIGMOD12] develops human-
powered filtering algorithms

Franklin-ICDE13] efficiently enumerates items
satisfying conditions via crowdsourcing

[Sarma-ICDE14] finds a bounded number of

items satisfying predicates using the optimal
solution by the skyline of cost and time




Select [Yan-MobiSys10]j

109

e Improving mobile image search using
crowdsourcing

Validation

rowdSearch é
Algorithm - ~N ‘

(query, candidate) pair

$0.01

T

-
A == )
4 ‘ N\

.

TN

J




110

Select [Yan-MobiSys10]j

e Ensuring 100%
accuracy 0%
with majority 5%
voting

e Given >0%
accuracy,
optimize cost **
and latency

. 0%
O Deadllne as Faces  Flowers Buildings Books

Iatency in B Automated Search | Single Validator
mobile W Majority(3) B Majority(s)

phones
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Select [Yan-MobiSys10]j

e Goal: For a query image Q, find the first
relevant image | with min cost before the
deadline

start [ § > time
g || -

wrong image

query image '
2 :

candidate images First correct one!  Deadline




Select [Yan-MobiSys10]j
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e Parallel crowdsourced validation

start

V
"é‘.

.ML —X

wrong image

query image

candidate images

A\

P---------l!.-i

Deadline
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Select [Yan-MobiSys10]j

e Sequential crowdsourced validation

1

V
%‘.

start

query image E ‘ wrong image

candidate images

9

exceeds deadline

T A ELLLEEEr t T |

Deadline



Select [Yan-MobiSys10]j
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e CrowdSearch: using early prediction on the
delay and outcome to start the validation of

next candidate early

start

query image

wrong image

; - tip— . L
]

[ |

= 1 i

Early

“ Prediction

candidate images

l---g------»--l

Deadline

V
%‘.
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Select [Yan-MobiSys10]j

e Predicting accuracy

e EQg, attime t
o 2 responses so far (1 Yes, and 1 No)
o From training data, list all majority-vote(5)=Yes
o Determine probability

deadline(D)

— Iﬁl i 1ﬁ>““‘e
start YES NO YES NO YES

current time(t)
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Select [Yan-MobiSys10]j

100%

715%

50%

- Parallel
«» CrowdSearch
«F Serial

25%

0%
S 10 15 20 25

©»n

» N

> cost(cents)




Count Operation
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e Given N items, estimate the number of m
items that satisfy a predicate P

e Selectivity estimation in DB - crowd-
powered guery optimizers

e Evaluating queries with GROUP BY +
COUNT/AVG/SUM operators

e Eg, “Find photos of females with red hairs”
o Selectivity(*female”) = 50%
o Selectivity(“red hair”) = 2%
o Better to process predicate(“red hair”) first
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Count Operation

e Q: “How many teens are participating in the
Hong Kong demonstration?”
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Count Operation

e Using Face++, guess the age of a person

http://www.faceplusplus.com/demo-detect/



Count [Marcus-VLDB13]
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e Hypothesis: Humans can estimate the
frequency of objects’ properties in a batch
without having to explicitly label each item

e Two approaches

#1: Label Count
Sampling based
Have workers label samples explicitly

#2: Batch Count
Have workers estimate the frequency in a batch
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Count [Marcus-VLDB13]

e Label Count (via sampling)

There are 2 people below. Please identify the gender of each.

) 4

What is the gender of this person?
male -« female

What is the gender of this person?
male « female

B3
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Count [Marcus-VLDB13]
e Batch Count

There are 10 people below. Please provide rough estimates for how many of the people have various properties.

About how many of the 10 people are male? 4’

About how many of the 10 people are female?




Count [Marcus-VLDB13]
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e Findings on accuracy
Images: Batch count > Label count
Texts: Batch count < Label count

e Further Contributions
Detecting spammers
Avoiding coordinated attacks
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Join Operation

e |dentify matching records or entities
within or across tables

e = similarity join, entity resolution (ER), record
linkage, de-duplication, ...

e Beyond the exact matching

e [Chaudhuri-ICDEOG6] similarity join
* RJOIN, S, where p=sim(R.A, S.A) > t
e sim() can be implemented as UDFs in SQL

o Often, the evaluation is expensive

o DB applies UDF-based join predicate after Cartesian
product of R and S
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Join Operation

e Examples
[Marcus-VLDB11] proposes 3 types of joins

[Wang-VLDB12] generates near-optimal
cluster-based HIT design to reduce join cost

‘Wang-SIGMOD13] reduces join cost further
Dy exploiting transitivity among items
'Whang-VLDB13] selects right questions to
ask to crowds to improve join accuracy

|Gokhale-SIGMOD14] proposes the hands-off
crowdsourcing for join workflow




Join [Marcus-VLDB11]
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e TojointablesR and S
e #1: Simple Join
o Pair-wise comparison HIT
e |R||S| HITs needed
e #2: Nalve Batching Join
o Repetition of #1 with a batch factor b
e |R||S|/b HITs needed
e #3: Smart Batching Join
e Showrand simages fromR and S

o Workers pair them up
e |R||S|/rs HITs needed
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Join [Marcus-VLDB11]

Is the same celebrity in the image on the left and
the image on the right?

#1 Simple
Join
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Join [Marcus-VLDB11]

Is the same celebrity in the image on the left and the image
on the right?

> Yes o No
|

Batch/factor

#2 Nalve b2
Batching

Join
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Join [Marcus-VLDB11]

Find pairs of images with the same celebrity

e To select pairs, chick on animage on the left and an image on the right. Selected pairs will appear in the Matehed Celebrities list on the lefi.
¢ To magnify a picturc, hover your pointcrlxbovc it.

¢ To unselect a selected parr, click on the pgir| - images let s images

: If none of the cclebritics match. check thql { g g "RV PAIrsEbel £rom' S

Ihere may be multple matches per page.

Matched Celebrities
To remove a pair added n error, click on the
palr in the list below.

#3 Smart
Batching
Join
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Join [Marcus-VLDB11]

ﬁg% RN J/Jﬁ////

.r///,////////ﬁ//////////é

b ———

W?//J// NS

e

%

MV. Majority Voting

%

QA: Quality Adjustment
Z

| | | |

< o © % ~ O

o o o o
SJIaMSUY 192440) JO uondeld

Smart

Naive 3 Naive5 Naive 10 Smart

Simple

3x3

2x2

True Positives (QA)

M True Positives (MV)
% True Negatives (MV)

True Negatives (QA)
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e [Marcus-VLDB11] proposed two batch joins

More efficient smart batch join still generates
IR||S|/rs # of HITs

Eg, (10,000 X 10,000) / (20 x 20) = 250,000 HITs
- Still too many !

e [Wang-VLDB12] contributes CrowdER:

A hybrid human-machine join
#1 machine-join prunes obvious non-matches

#2 human-join examines likely matching cases
= Eg, candidate pairs with high similarity scores

Algorithm to generate min # of HITs for step #2
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e Hybrid idea: generate candidate pairs
using existing similarity measures (eg,

Jaccard)

ID |] Product Name Price
ry || 1Pad Two 16GB WiFi White $490
ry || 1Pad 2nd generation 16GB WiFi White | 5469
ry || 1Phone 4th generation White 16GB 8545
r4 || Apple iPhone 4 16GB White §520
rs || Apple iPhone 3rd generation Black 16GB | $375
rg || 1Phone 4 32GB White $599
rr || Apple iPad2 16GB WiFi White $499
rs || Apple iPod shuffle 2GB Blue 849

rg || Apple iPod shuffle USB Cable 519

0.3

(a) Remove the pairs whose
likelihood < 0.3

A ( (ry, 1) @YES ONO
(rq, r2, 0.57) 112 3
(rs 1. 0.50) (T4, Te) OYES ®NO |\
0.43 Y
E? 4 043; (1, f7) OYES ONO1— | ™(ry, 1)
e % (3, ts) OYES ONO4—_| ™(r;, 17)
(f4 r7, 0 43) e ﬂ < _‘\‘(r‘; i )
y 14

(1 038) o o] | ()
(r3 ' O 38) (r2, r3) OYES @NO /
(rs, rs, 0.38) (ry, ;) ®YES ONO

I'1 8y 0 )

(1, r3¢-29) (rs, rs) OYES ®NO

| (rs, 1s) OYES ©NO

(b) Generate HITs to verify
the pairs of records

¢) Output matching
pairs

Main Issue: HIT Generation Problem
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Pair-based HIT Generation
= Naive Batching in
[Marcus-VLDB11]

Cluster-based HIT Generation
= Smart Batching in
[Marcus-VLDB11]

Product Pair #1
Product Name Price
{Pad Two 16GB WiFi White $400

iPad 2nd generation 16GB WiFi White | $469

Your Choice (Required)
© They are the same product
_ They are different products

Reasons for Your Choice (Optional)

Product Name Price
iPad 2nd generation 16GB WiFi White | $469
iPhone 4th generation White 16GB | $545

Your Choice (Required)
' They are the same product
) They are different products

Reasons for Your Choice (Optional)

-------------------------------------------------------------------------------------------------

Submit (1 left)

Find Duplicate Products In the Table, (Show Instructions)

Tips: you can (1) SORT the table by clicking headers;
(2) MOVE a row by dragging and dropping it

Label Product Name Price »
1 [v|  |iPad 2nd generation 16GB WiFi White $469

1 [v]  |iPad Two 16GB WiFi White $490
j iPhone 4th generation White 16GB §545

Reasons for Your Answers (Optional)

lllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

Submit (1 left)
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e HIT Generation Problem

Input: pairs of records P, # of records in HIT k

Output: minimum # of HITs s.t.
All HITs have at most k records
Each pair (p;, p;) € P must be in at least one HIT

1. Pair-based HIT Generation
Trivial: P/k # of HITs s.t. each HIT contains k pairs
In P

2. Cluster-based HIT Generation
NP-hard problem - approximation solution
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I " Product Name

1Pad Two 16GB WiFi White $490
1Pad Ind generation 16GB WiF1 White | $469
1Phone 4th generation White 16GB 3045
Apple iPhone 4 16GB White 350
Apple 1Phone 3rd generation Black 16GB | $375
Phone 4 32GB White §599
Apple 1Pad2 16GB WiF: White 540
Apple iPod shuffle 2GB Blue 40
Apple iPod shuffle USB Cable $10

-

(ry, 12, 0.57)
(rg, rs, 0.50)
(f1, fy, 043)
(ry, 1, 0.43)
(rq, r7,0.43)
(s, rs, 0.43)
(r2, r3, 0.38)
(ry, r7, 0.38)
(ra, s, 0.38)
(rg, rs, 0.38)

=~
[
AN

This is the minimal # of cluster-based HITs
satisfying previous two conditions

Cluster-based
HIT #1

Fy, Foy I3y 17

Cluster-based
HIT #2

M3, M4, I's, I

Cluster-based
HIT #3

Fgs V72 Tgs g
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e Two-tiered Greedy Algorithm
Build a graph G from pairs of records in P

CC < connected components in G
LCC: large CC with more than k nodes
SCC: small CC with no more than k nodes

Step 1: Partition LCC into SCCs

Step 2: Pack SCCs into HITs with k nodes
Integer programming based
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Join [Wang-VLDB12]

e Eg, Generate cluster-based HITs (k = 4)
1. Partition the LCC into 3 SCCs

o {ry, Iy, Igy 7} {rgs T4, 15, e} {Fgs 17}

2. Pack SCCs into HITs
o A single HIT per {ry, r,, r5, r;} and {rs, r,, s, I}
o Pack{r,, r-} and {rg, ro} into a HIT

(ry, ra)
(r4, re)
(r1, r7)
(r3v r4)
(rs, r7)
(r81 rg)
(r2, ra)
(r2, r7) i
(rs, rs) (r ) r\'
(ra, Is)
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e Step 1: Partition
Input: LCC, k Output: SCCs
max € NOde in LCC with the max degree
SCC € {Tand
conn < nodes in LCC directly connected to r
while |scc| < k and |conn| >0

[, € NOde in conn with max indegree (# of edges to
scc) and min outdegree (# of edges to non-scc) if tie

move r,,, from conn to scc
update conn using new scc

add scc into SCC

maxX
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Join [Wang-VLDB12]

I max (indegree, outdegree)
degree /
—~ 3 1 (1, 2)‘/ (1 0) (1 2)
% @ E> @/E N @
(1 2) (1 1) (1,2) (1,1)
Initialize SCC={r ,} conn={rs, I, le, 7} conn={rs, rs, r7}
Add rgz into SCC Add r5 into SCC
I (1 2)
gt g Y NEE (2 1)
Output other SCC Output SCC conn={r, r-}

Add r;into SCC
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Part 2 Summary

e New opportunities and challenges
e Open-world assumption
e Non-deterministic algorithmic behavior
e Trade-off among cost, latency, and accuracy

e Human-Powered DB - “Human-in-the-
loop” DB
e Machines process majority of operations

e Humans process a small fraction of challenglng
operations in big data

http://www.theoddblog.us/2014/
02/21/damienwaltershumanloop/
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Part 3
QUALITY CONTROL
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Challenges

e Data Quality is always the in
crowdsourcing applications

CANT YOU PO
ANYTHING RIGHTZ?
¢ .
O
(@)
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Challenges

e Bias

e Narrowed Demographics
o Mainly women in U.S. and India

90% 83%

76%

75%

60% -

45%

30%

15%

0%

Mar 08 Nov 08 May 09 Aug 09 Nov 09
"US " India ' Other

Workers on AMT
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Challenges

A Crowd Wisdom is within the
of One human.
4 p“lf‘
"W’? t"f - o

T We need to dig it out, and
"t manage them.

”L; { '4

I'-}nl Henry
CLIPPINGER

Well], it is difficult, because
the humans are ...
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Humans

e Erroneous
“To err is human”
—Marcus Tullius Cicero

» Greedy

1

"...my more-having would be a
sauce to make me hunger more”

—Macbeth act 4, sc. 3, Shakespeare




Challenges
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e Spammers
e Spam Worker

o Finish tasks simply for rewards
o Low quality of the answers

e Spam HITs

o Some tasks are to spamming
“social media” metrics

o Some tricks the worker by
refuse to pay for their answers

Percent of HITs

New HITs: Spam or Not?

DG e
50.00% -
40.00% -
30.00% -
20.00% -

10.00% -

0.00% -
Not Spam Spam
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Quality Control

e Qualification Tests

e Aggregation Methods (Majority, Rasch)
e Golden Tests and Estimation

e Task Design

e Feedback

e Reputation (trustworthy crowdsourcing)
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Task Design Example

e ESP Game(Luis von Ahn)
e Object: Images Labeling

e Human task: online game, two players
guessing one common item

PLAYER 1 PLAYER 2

GUESSING: CAR GUESSING: BOY
GUESSING: HAT GUESSING: CAR
GUESSING: KID SUCCESS!
YOU AGREE ON CAR
SUCCESS!

YOU AGREE ON CAR
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Quality Control

e \Whom to Ask
e WiseMarket

e COPE
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Social Network/Media services

the and
of people’ s social activities

calebcc
2 If take a cab, can | get to Gyeongbokgung(& = =) from 63 Building in one
hour? @zhiyangsu @ZE ¥k T @SeoulHeart @ocar_liv @x| Tbong

q R | M A2 i N A 28 72/
v, ol = y A AR o = VT 4= g A1 AL TP
" I E=TN AN l T3 /A LA T=EA V]| ¥t
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as dressing for a banquet
as prediction of macro economy trends

“two-option decision making tasks”
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Can we extend the magic power of
Crowdsourcing onto social network?
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Microblog Users

e Simple  But
e 140 characters comprehensive
o RT +'@ — Large network
—Various

Tweet! Re-tweet!




Why Microblog Platform?
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20 €

y 9 00

2 - o
Y
Twitter
Accessibility Highly convenient, on all kinds of | Specific online platform
mobile devices
Incentive Altruistic or payment Mostly monetary incentive
Supported tasks Simple task as decision making Various types of tasks
Communication ‘Tweet” and ‘Reply’ are enough | Complex workflow control
Infrastructure mechanism
Worker Selection Active, Enabled by ‘@’ Passively, No exact selection
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Running Example

- “Is it possible to ski at
Seoul during November?”

- -




Motivation — Jury Selection Problem Running 158
Case(1)

- .
-

[
P {A.B,C}
Crg\\ == B@ -l-:Ai_fﬁ s |c(0.072)

€(0.2) €(0.2)

€(0.1) | r($0.6)

|
| |
| |
| |
| |
| |
{A,B,C,D,E} : (AFG) |
€(0.0704) | €(0.208) |
r($1.6) :- r($0.55) |

“Is it possible to ski at Seoul during November?”

e Given a decision making problem, with budget
$1, whom should we ask?
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Case(2)

e ST EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEe,
- -

[
Con | {A,B,C}
Crg\\ = B@ -l-:Ai_fﬁ ' |e(0.072)

€(0.2) €(0.2) €(0.1) | r($0.6)

($0.1).n$0.2) 4 r(s0.3) LT
; |

»"\T I
Aoy 0 E : I
€(0.3) €(0.3) |
r($0.4) r($0.6) | |
m | | |
{A,B,C,D,E} | {A,F,G} |
€(0.0704) | €(0.208) |
r($1.6) :_ r($0.s55) I

“Is it possible to ski at Seoul during November?”

e Worker: Juror
e Crowds : Jury

e Data Quality : Jury Error Rate
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Case(3)

e ST EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEe,
- -

[
O {A.B,C}
Crg\\-l- B@ -l-:Ai_fﬁ s |c(0.072)

€(0.2) €(0.2) | €C0.D | r($0.6)
.......................".(§Q:.2..)..~.~..*1"'.’.(.$.Q'.~3.) ...............................

e |

e 5} w o |

€(0.3) | eCo.d) €(0.4) |

r($0.6) : r($0.15) r($0.1) |

|

{A,B,C,D,E} ' (A F,G} |

€(0.0704) | €(0.208) |

r(s1.6) :_ r($0.s55) I

“Is it possible to ski at Seoul during November?”

» If (A, B, C) are chosen(Majority Voting)
» JER(A,B,C) = 0.1*0.2*0.2
=0.072
» Better than A(0.1), B(0.2) or C(0.2) individually
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Case(4)

e ST EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEe,
- -

[
Con | {A,B,C}
Crg\\ = B@ -l-:Ai_fﬁ ' |e(0.072)

€(0.2) €(0.2) €(0.1) | r($0.6)

($0.1).n$0.2) 4 r(s0.3) LT
; |

»"\T I
Aoy 0 E : I
€(0.3) €(0.3) |
r($0.4) r($0.6) | |
m | | |
{A,B,C,D,E} | {A,F,G} |
€(0.0704) | €(0.208) |
r($1.6) :_ r($0.s55) I

“Is it possible to ski at Seoul during November?”

e What if we enroll more
 JER(A,B,C,D,E) = 0.0704 < JER(A,B,C)
e The more the better?
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Case(5)

e ST EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEe,
- -

[
(o {A.B,C}
C rg\\ o= 7 @ -l-: A i_ﬁ% !mm |<(0.072)

€(0.2) €(0.2) €(0.1) | r($0.6)

($0.1).n$0.2) 4 r(s0.3) LT
- |

Aoy 0 E : I
€(0.3) €(0.3) |
r($0.4) r($0.6) I |
m | |
{A,B,C,D,E} | {A,F,G} |
€(0.0704) | €(0.208) |
r($1.6) :_ r(S0.55) |

“Is it possible to ski at Seoul during November?”

e What if we enroll even more?
 JER(A,B,C,D,EF,G) = 0.0805 > JER(A,B,C,D,E)
e Hard to calculate JER
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Case(6)

e ST EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEe,
- -

[
(o {A.B,C}
C rg\\ o= 7 @ -l-: A i_ﬁ% !mm |<(0.072)

€(0.2) €(0.2) | €C0.T) | r($0.6)
.......................r.(§Q.'.2..)..~ ..... 1 ............................................
- |
Aoy 0 E : I
€(0.3) €(0.3) |
r($0.4) r($0.6) I |
m | |
{A,B,C,D,E} I {A,F,G} |
€(0.0704) | €(0.208) |
r($1.6) :_ r(S0.55) |

“Is it possible to ski at Seoul during November?”

e So just pick up the best combination?
o JER(A,B,C,D,E)=0.0704
e R(AB,C,D,E) = $1.6 > budget($1.0)
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Case(7)

Crowd Individual Error-rate Jury Error-rate
C 0.2 0.2
A 0.1 0.1
C,D.E 0.2,0.2.0.3 0.174
A.B,C 00 0:2.0.2 0.072
A.B,.C.D.E 0.1,0.2,0.2,0.3,0.3 0.0703
AB,CD.E,F.G | 0.1,0.2,0.2,0.3,0.3,0.4,0.4 0.0805

Worker selection for

€(0.2) :
- = . “Lr($0.1) r($0.2) . r($0 3) b
maximize the quality of a }

- 'gcf &%) I
particular type of product: — L | A |
€(0.3) €(0.3) €(0.4) €(0.4) |
r($0.4) r($0.6) | rs0.15) _ r($0.1),
m | Il |
the reliability of voting. AR.CE) (B ] |
r($1.6) | r($0.55) |
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Framework

/\ : YES /‘
— : GIVEN | CHOOSE M
Q)ECISIOI'I Makmg/P—;i OO O OO O O Cf KO Q O V’) Va]tomy OR
i A subset oting
Task l nusers || / \O to vote |, NO
\ / ! \/
- |[nlrnlrs | [ | Integrated Constraint j Individual Error-rate i
|
“““““““ jpininiuiniinioinin: pisiinisiisisisisi i vtsislviistvinivi. il
Profiling { tolt |t t, = User Activity : |/ a | a | a a, | Authority in HITS \|
. | I
of users L e e e len | User Experience] | [s;[s; [s3| s, | Score in PageRank I

—— —— ———————— ——————— ——— —

{ Knowledge diffusion

graph based on “RT” }

Rank users with
—)
L PageRank and HITS J
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WiseMarket

- Any structured method to
manage the crowds?
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Market

e Humans are investors

e They have (partial)informatio
e They invest to maximize incom

e A market consists of investors
e Some of them win
e Some of them lose

e A market can

e Make Decisions/Show Preference
e Based on
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WiseMarket

Only winning investors get
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Why WiseMarket?

e Worriers in crowdsourcing, human
computation services

Low Answers Quality
Spam Workers
Otiose Expenditure

e Drawbacks in survey samplings, online review
aggregation
Vulnerable Quality Guarantee
Uncontrolled Demographic

e So How Does it Run?
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How Does it Run?

S Confidence’ s Estimator —
- = L+ << b=
® e
@ [ [
@ o ® & ¢
-~ 4 = I L=
Wise Market Builder —

| MConf Calculator I | Mcost Calculator I

Wise Market User Interface

Task Task Task Task Task Task
5 2 4 3 6 1

Choose the best investors to build a market



Problem Definition

e Investors

DEFINITION 1  (INVESTOR CONFIDENCE). For each investor
Li, the Investor Confidence c; is the probability that v; chooses the

same option as the ground truth. Respectively, given a ground truth
G, the confidence

ci = Pr{tichooses correctly}
=Pr{G =0} : Pe{v; = 0|G =0}
+ Pr{G =1} - Pr{v; = 1|G =1}
=Pr{u; = G|G}



Problem Definition

e Wise Market
DEFINITION 2 (Wise Market). A Wise Market is a set of in-

vestors W My, = {t1,t2,...,tn} C I with size n, where each ;
is associated with an individual confidence c; and actual voting v;.

e Market Opinion
DEFINITION 3 (MARKET OPINION). Given a Wise Market W M,
the Market Opinion O P(W M,,) is the aggregated result according
to the following equation:

1 l (A %
OP(WM,) = { 0 ;% vy < {%}



Problem Definition

e Market Confidence

DEFINITION 4 (MARKET CONFIDENCE). The Market Confi-
dence M C' is defined as the probability that the Market Opinion is
the same as ground truth G:

MC(W M,) =Pr(OP(WM,) = G|G)
n+1

=Pr(|C| 2 [51) = Pr(|C] 2 7=

=Y S M«Il0-w

k=[2] A€F,i€cA jEA®C



Problem Definition

e Market Cost

DEFINITION 5 (MARKET COST). Given a Wise Market W M,,,
the Market Cost C'ost(W My,) is defined as the size of the Winning
Set:

Cost(WM,) = |W| = ‘{Lim e WM, s.t. v; = OP(W My)}

e Exnected Market Cost

E[Cost(W My)]
= Y  k-Pr(|W|=k)
k=2

= ,Zl E- 1> [le J]-¢)

k=[2] AEF,i€A jEAC

+ 3 TIa-e) IT o

A€EF; i€A jEAC



Problem Definition

e Effective Market Problem

DEFINITION 6 (EFFECTIVE MARKET PROBLEM). Given a set
of investors I = {t1,...,tn} with size N, a Market Confidence
threshold 0, the Effective Market Problem(EMP) is to find a subset
of all investors W M,, C I, so that:

minimize FE[Cost(W M,,)]

subjectto MC(WM,) > 0

- A market BUILDER for tasks holders



Market Building

e Overall Algorithm

Algorithm 6: Effective Market Algorithm (EMA)

BN -

S L d e W

Input: A set of candidate investors I = {¢1,¢2,...,txN }, an market

confidence threshold 6

Output: the effective market EM
if (Maxz(c;) > 6) then

else

return EM < ¢ € W M, s.t. minimized{E[Cost(c)]} and
MC(c) > 0,

for: < 1fon—1do
if EM < [AEC(min(si4+2),0)] then
|__ return £ M ;

M; 42 < RankMerge(M;);

for s; € M;42 do

if MC(s;) > 0 && AEC(sj,0) < EM then
|_ EM <+ AEC(s4,0);

else

continue;
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COPE-Motivation

e Q: “What’ s your opinion about the game between
Brazil and Germany tonight?”

7

e Judge: “2 v.s. 2. The crowds don’ t have an
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Motivation

We need more than simple Binary
Votes to capture the
from the crowds.



From Labor to Trader: Motivation
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e Opinion Elicitation
Opinion: expressing
individual s about certain events
Normally expressed as distribution

e Applications

Probabilistic Risk Analysis
Event Tree for industrial risk analysis

Causality Determination
PGM structure and probability
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From Labor to Trader: Motivation

e Industrial Example

Range graph of input data

[tem no. = 79 Item name: B-3-388 chi/Q Scale : LOG
Experts
1 [ 1 1
30 1 ]
4 [ # 1
5 [ # 1
DHB i [ " 1 " ]
neam\x\\\\\\&x\“m\mm&&x\\m
2 .ABRE-0006 ’ 0.0800152
[tem no. : 88 Item name: B-3-688 chi/Q Scale : LOG
Experts
1 [ 1 ]
310 i 1
4 [ # ]
5 [ 1 1
DHB " L " # " ]
nealmmw\\mm\m\m Sy
1.00AE-B086 9. 200E-9985

Figure 1: Example of Opinion Elicitation of five participants over two
variables(NRC-EU accident uncertainty analysis [4])

e Specifying (uniform) variable distribution over a
range

e Multible workers are involved to express their



Solution

e We propose COPE to tackle the challenges

e Crowd-powered OPinion Elicitation
General crowd workforce from any labor markets
Form an invest market situation

Payments are connected to their contribution



COPE Framework

Normal
crowdsourcing
tasks

a S bt Some v

. ot ? e

Angry? | Pleasant?

Extra Human-
comp Source

i | Y

Worker
categorization

HOCSCO

V.S.

OSSO

Ro or Rp?

Infer category

ﬁ_._._.____._._.__.__._._._.___._./

Pre-market building

|

|

|
mean value b |

|

o k
| |
| |
| :
|
Trade topic I g :
2014 World == | |
Cup? E r_z'_ E
| |
] s |
. T
COPE Y\ — o
Updating #__l_____
¢ - {/‘
&% '
|
e - |,
{ p

Prepared traders
Market Running 1

P ———-

(
B

Market hold=r(DM)

\_

Bankrupt?

Market
Cost T

—_—
Ti+1

= sc(T;) KL | 4
’ T
= SC(T; 1) | KL )t
Ti+1

Post-market and bankruptcy




COPE — The Design

e Trader

A trader will present a report that maximize his/her
payoff according to a payoff rule

Traders are assumed as Risk-neutral

i.e. expected payoff oriented
Risk aversion enhances sincerity but introduces bias



COPE — The Design

e Pre-market Building
e Generate Seed Capital

o Promised Salaries as initial

funds

e Tendency Evaluation
o Optimistic
o Pessimistic

o Group Mean
= For bias adjustment during

Bayesian updating
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COPE — The Design

e Bayesian Updating Scheme

The design of COPE indicates the existence of a
latent decision maker, as in the case of probabilistic
risk analysis

Bayesian Updating is the best practice for such
scenario*
Two principles for a normative Bayesian Updating

Unanimity: info-less report don’ t update global
distribution

Compromise: global distribution is between the two

extremes
Pr(p) L(7]p)
Pr(r)

p- = Pr(p|r)



COPE — The Implementation

Please specify your estimation about how
many red dots in this image? ¢ Premarket TaSkS

o T e Opinion Elicitation

Teer, Ty ha¥ o e Dynamic Chart

R R e | o Kill probability-phobia

v Y ._ " Rt L & - TP “ 17

B I S R o Unwilling or uncomfortable

L to give numerical

(P)If:se specify on the pie chart, which team will win the FIFA World probablllty
Note: Your reward will depend on the answers from others:
1) If your answer is the same as the aggrggated opinion of others, you [ ] Workers are lnfo rmed the
will be granted a r_eward 10 times of the given rewgrd;
ﬁw)a'; *Z:;.izs&e:éfv;g far from the aggregated opinion of others, you payo ff methOd

e Payoff Dispatch

e e Special “payoff tasks” are
Spain: 21% generated with workerID

Brazil: 16%




COPE — The Evaluation

e Merits of Market Mechanism

0.6r
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Market Payoff v.s. Simple Payoff
-o-dir1 --mkt1-=-dir2 -+ mkt2

Market v.s. Direct Payoff

[+-dirt—mkt1 < dirz-+~mkt2

1‘0 1‘5 2|0 215 310 315 410 415 5|0
# of Tasks

o task: estimate man’ s age according to a photo
e dir means Direct Pay, mkt means market-based

pavoff
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Summary

e Quality Control is a difficult problem
Because we are dealing with human and we are...

e Possible Solutions:
Task Design
Reward Design
Aggregation Design
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