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ig Data Analytics?

What is B

* You leave data trails wherever you go
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Perform reverse engineering on data to
construct models that represent the

scenario on which the data is

generated
"Essentially, all models are wrong, but

NESVHET
Norman R. Draper (1987).




Outline

Big Data: Characteristics and Components =)
— Data Generation and Collection
— Data Storage
— Database System and Technology
— Computer Networks

— Algorithms: Statistics, Machine learning, Data Mining, Visualizations, Optimizations,
Simulation

— Parallel Computing
Big Data: Types and Applications
— Relational data, High-dimensional data, Sequences, Trees, Graphs, Mixed data types
— Logistics, Transportations, Finance, Retail Analytics, Medical, Security, Manufacturing
New Trends in Big Data
— Building models on the Fly: Principles and applications
— Collaborative Social Network System: Collective intelligence over Big Data
» Readpeer: Building social communities around documents and books
e ARShop: Augmented reality for shopping
* Digital Kampong: Building amiable neighborhood community using big data
Consideration when building big data applications



3Vs of Big Data

 Volume: (Solvable by putting more computing
hardware resources)

— huge amount of data

* Velocity: (Solvable by putting more computing
hardware resources)
— High throughput
— Timeliness
— Require fast processing speed
e Variety: (NOT solvable by putting in more computing
hardware resources)
— Structured data: documents, media
— Unstructured data: websites, logs, streams
— Mixed data types
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Big Data Components(l):
Data generations and collections
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Bia Data Components(ll): Data storage

The History of Computer Data Storage
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Den't know how to sell more
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Direct access to data
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CPU Registers
100 bytes
<1ns

Static RAM (SRAM)
megabytes
0.5-2.5ns

Dynamic RAM (DRAM)
gigabytes
50-70ns

[
I Magnetic Disk
terabytes
5ms - 20ms

L - —

Big Data Components(lll):
Database systems and techniques

Memory hierarchy

Faster

(Web Forms } [ Applic. Front ends} [ SQL interface]

\
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Parser Plan Executor
Optimizer /,
Transaction |k Files & Access
i | Methods
Manager n
Lock Buffer It/lanager
Manager | [ Disk Space Manager
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Recovery
Manager
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y Larger

I Index Files <+—_ System I

Catalo:
Data Files/ 9

Concept: store the frequently-used data in the memory, to avoid accessing disk.
Problem: How to manage the data in the memory/hard disk?
Solution: Use database systems
Manage dataflow in memory/hard disk
Build and maintain index, speedup query processing

1.

2.
3.
4

Use locks to guarantee reliability.

Equip query languages (SQL or NoSQL) to support high-level applications
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Big Data Components (I1V): Computer Networks

Data highway

Wired network

— Data communication between
servers in data centers

Wireless network

— Data communication between
devices and data centers

— Wi-fi: short distance, fast
— Mobile: long distance, slow

That which is long divided must
unify; that which is long unified

must divide. N I A
=

— Your future cell phone might
have the same computational
power as today’s high-end
servers.

— Data communication is for
merging and analyzing data.
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That which is long divided must unify;
that which is long unified must divide

* [nitial cost of new hardware is expensive, so everyone
share the hardware through simple terminals

VAX 11/780

THE QRIGINAL UNIT
- ONE,




That which is long divided must unify;

that which is long unified must divide

e Then PCs become cheap enough for everyone to own one.
Low network bandwidth however ensure isolated processing

A | |
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That which is long divided must unify;
that which is long unified must divide

e Further drop in price of computing hardware and
growth in both wired and wireless network then result
in the current trend in cloud-based processing

High Speed Data
Transfer

more powerful and energy efficient
while maintaining low cost?
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Big Data Components (V): Algorithms (1)
e Statistics: understand data distribution using
statistical models

The Search Demand Curve
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Big Data Components (V): Algorithms(ll)

e Machine learning: borrows models from
statistics, trains models efficiently using modern
computers, and focuses on prediction tasks.

— Can be operated as a black box
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Big Data Components (V): Algorithms(lll)
 Data mining:
— Based on methods from statistics and machine

learning, involves database and data management
aspects to improve efficiency

— Goal: extract knowledge

Correct,
Generate useful
data model
Collect data énd verify or Nobel Prize

Real World construct model of real world
Output most likely model
, based on some statistical

Feed in data measure

What's new?

Systematically
and efficiently test
many statistical
models




Big Data Components (V): Algorithms(IV)
e Data mining techniques(l): Classification

Process (2): Using the Model in Prediction
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Big Data Components (V): Algorithms(V)

* Data mining techniques(ll): Clustering

Separate into k=2 clusters
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Big Data Components (V): Algorithms(VI)

e Data mining techniques(lll): Anomaly detection
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Big Data Components (V): Algorithms(VIl)

e Data mining techniques(IV):

Association rule mining

Ice cream, bread, coffee

Milk, jam, bread, banana

1 Milk, ice cream, jam, bread

2 ice cream, jam, bread, coffee ] )

; Vilk am, breac Milk, jam =2 bread
4 Milk, coffee Su pport = 3/8

5 Milk, bread, chocolate Co nfidence — 3/3

6

7

8

Coffee, bread, grape



Big Data Components (V): Algorithms(VIIl)

 Data mining techniques(V): Visualization
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Big Data Components (V): Algorithms(VIIl)

e Data mining techniques(V): OLAP Operations

Table 1: Mobile Game Activity Table
player time action role country  gold
t1 || 001 2013/05/19:1000 launch dwarf  Australia 0
to || 001 2013/05/20:0800 shop  dwarf  Australia 50
t3 || 001 2013/05/20:1400 shop  dwarf  Australia 100
ty || 001 2013/05/21:1400 shop  assassin Australia 50
ts || 001 2013/05/22:0900 fight  assassin Australia 0

te || 002 2013/05/20:0900 launch wizard USA 0
t7 ]| 002 2013/05/21:1500 shop  wizard USA 30
ts || 002 2013/05/22:1700 shop  wizard USA 40

to || 003 2013/05/20:1000 launch bandit  China 0
tio || 003 2013/05/21:1000 fight bandit  China 0

Table 2: Results Table 3: Cohort Report for

of ()s Shopping Trend

week avgSpent cohort age (weeks)
2013-05-19 50 I 2 5 4 §
2013-05-26 45 2013-05-19 (145) 152 31 18 12 5

2013-06-02 43 2013-05-26 (130)
2013-06-09 42 2013-06-02 (135)
2013-06-16 45 2013-06-09 (140)
2013-06-16 (126)




Big Data Components (V): Algorithms(IX)

 Optimizations

What does end-to-end f
logistics planning j |
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Plot cost-effective single.
multimodal, multi-leg or
multi-hub trips.
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Get the most from every
journey, making round trips
wherever possible and with
fewer empty miles.

OPTIMIZED WORKFORCE ‘ E MAXIMUM EFFICIENC




Big Data Components (V): Algorithms(X)
e Simulation:

— Learn model parameters from Big Data
— Compare the simulated data with the real data
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Big Data Components(VI):Parallel Computing(l)

Multi-core processors GPU servers
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Outline

Big Data: Characteristics and Components
— Data Generation and Collection
— Data Storage
— Database System and Technology
— Computer Networks

— Algorithms: Statistics, Machine learning, Data Mining, Visualizations, Optimizations,
Simulation

— Parallel Computing
Big Data: Types and Applications ~ ]
— Relational data, High-dimensional data, Sequences, Trees, Graphs, Mixed data types
— Logistics, Transportations, Finance, Retail Analytics, Medical, Security, Manufacturing
New Trends in Big Data
— Building models on the Fly: Principles and applications
— Collaborative Social Network System: Collective intelligence over Big Data
» Readpeer: Building social communities around documents and books
e ARShop: Augmented reality for shopping
* Digital Kampong: Building amiable neighborhood community using big data
Consideration when building big data applications



Types of Big Data

— Relational data

— High-dimensional data

— Sequence

— Tree

— Graph

— Mixed types
e Sequences in a graph (social network)
e Spatial-temporal data

e Spatial-textual data
e High-dimensional time series



Types of Big Data(l): Relational Data

 Numeric(integer, float), categorical, binary, textual

age | salary | credit | sex | country | spending | Zoo O;c:()h;rd Sentosa | Casino
35| 30k | poor | M USA 500 0 1 1 1
25 | 76k | good | F China 10,000 1 1 1 1
40 | 90k | good | F India 2,000 0 0 1 1
30 | 100k | poor | M Taiwan 10,000 1 0 1 1
25 | 110k | good | F | Malaysia 2,000 0 1 0 1
30 | 50k | good | M | Malaysia 5,000 1 1 0 1
35 | 35k | poor F China 100,000 0 0 0 1
45 | 15k | poor | M | Indonesia | 15,000 1 0 0 1




Types of Big Data(ll): High-dimensional Data
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Types of Big Data(lll): Sequence

Crime DNA Crime DHA Crime DA Crime DNA Crime DNA Crime DNA Crime DNA Crime DNA Crime DNA Crime DNA Crime DNA Crime DNA Crime DNA

GTCGACCGGETGACCGTGCGTACACAGTGCTCCGGATAGCTGATAGCTCCGGTG
CAGCTGGCCACTGGCACGCATGTGTCACGAGGCCTATCCGACTATCGAGGCCAC

Suspact 1 DNA Suspact 1 DNA Suspect 1 DNA Suspect 1 DNA Suspect 1 DNA Suspect 1 DNA Suspect 1 DNA Suspect 1 DNA Suspect 1 DNA Suspect 1 DNA
GTCCCAGCCGGACCGTACCGGTAGATCAGCCGGTAGATTGATAGCGTGATGTG

CAGGGTCCGECCTGECATGGCCATCTAGT CGECCATCTAACTATCGCACTACAC

Suspect 2 DNA Suspact 2 DNA Buspect 2 DNA Suspect 2 DNA Suspect 2 DNA Suspect 2 DNA Suspect 2 DNA Suspect 2 DNA Suspect 2 DNA Suspect 2 DNA
GTCTACGTAATCGTAGCCATCCGGACAGTGTGCACGATCGTACATGCTACGTG

CAGATGCATTAGCATCGETAGGCCTCTCACACCGTGCTAGCATGTACGATGCAC

Suspect 3 DNA Suspact 3 DNA Buspect 3 DNA Suspect 3 DNA Suspect 3 DNA Suspect 3 DNA Suspect 3 DNA Suspect 3 DNA Suspect 3 DNA Suspect 3 DNA
GTCGACCGETGACCGTGCGTACACAGTGCTCCGGATAGCTGATAGCTCCGGETG

CAGCTGGCCACTGGCACGCATGTGTCACGAGGCCTATCGACTATCGAGGCCAC

Suspect 4 DNA Suspact & DNA Buspect 4 DNA Suspect 4 DNA Suspect 4 DNA Suspect 4 DN Suspect 4 DNA Suspect 4 DNA Suspect 4 DNA Suspect 4 DNA
GTCTCCATCCGGACTACCATACATCTGETGTACCCGETGATATCGTCCGEGETG

CAGAGGTAGGCCTGATGETATGTAGACCACATGEGCCACTATAGCAGGCCCAC
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Tvpes of Big Data(V): Graph

Tourists

Junctions or ends Road segments
O Nodes representing segments ——  Links if two segments intersected O Nodes represantng roads ——  Links If wo roads Infersected

(a) (b)

— W
@iﬁ?ﬁﬁ/%éq/

O MNodes representing roads e Links if two roads intersected O Nodes representing roads e Links i wo roads intersectad

(©) (d

Qinma hotpot

\
Old alley

MUSt_dO \
(ild town

bike
/ Nanbin road

Yangren jie
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Types of Big Data

— Relational data

— High-dimensional data

— Sequence

— Tree

— Graph

— Mixed types
e Sequences in a graph (social network)
e Spatial-temporal data

e Spatial-textual data
e High-dimensional time series



Types of Big Data(lV): Sequences in a Graph
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Types of Big Data(V):Spatial-temporal Data




Types of Big Data(VI): Spatial-textual Data
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Types of Big Data(VIl):
High-dimensional Time Series
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Types of Big Data: Summary

The type of big data somehow depends on
how data is generated or collected.

In many cases, the types of data depends on
the problem and application themselves.

Big data applications often need to process
multiple types of data

Distilling raw data into appropriate data is the
most fundamental problem.



Outline

Big Data: Characteristics and Components
— Data Generation and Collection
— Data Storage
— Database System and Technology
— Computer Networks

— Algorithms: Statistics, Machine learning, Data Mining, Visualizations, Optimizations,
Simulation

— Parallel Computing
Big Data: Types and Applications ~ ]
— Relational data, High-dimensional data, Sequences, Trees, Graphs, Mixed data types
— Logistics, Transportations, Finance, Retail Analytics, Medical, Security, Manufacturing
New Trends in Big Data
— Building models on the Fly: Principles and applications
— Collaborative Social Network System: Collective intelligence over Big Data
» Readpeer: Building social communities around documents and books
e ARShop: Augmented reality for shopping
* Digital Kampong: Building amiable neighborhood community using big data
Consideration when building big data applications



Big Data Applications(l): Logistic

What does end-to-end

logistics planning - e Supplier 2 Manufacture
look like?

s - Distributor—>Customer

«w ® Transport capacity

e The delivery time is
affected by traffic and
weather conditions.

e Storage capacity and
price

Get the most from every
journey, making round frips
wherever possible and with
fewer empty miles.

. * Accuracy of the plan




Big Data Applications(ll): Transportation

Early Warning of Human Crowds Based on Query Data
from Baidu Map: Analysis Based on Shanghai Stampede °

Jingbo Zhou, Hongbin Pei and Haishan Wu
Baidu Research — Big Data Lab, Beijing, China
[Media Report: MIT Technology Review, Wall Street Journal, South China Morning Post ]

o

S g
r’pﬂlace ofthe s b

Figure 2: Human population density between 23:00-

24:00 on Dec. 31th 2014. °

Figure 5: Human flow direction distribution in Chenyi Square (the specific disaster area of 2014 Shanghai
Stampede) from 22:00 to 24:00 in: A — a common weekend (Aug. 23th 2014); B - the eve of the Mid-Autumn
Festival (Sept. Tth 2014); C — the China’s National Day (Oct. 1st 2014) and D — New Year's Eve of 2014

Integration of transportation data

Multiple sources: car, taxi, bus,
pedestrian, sensor

Multiple organizations: telecom
corporation, taxi company, bus
company, government

Data sharing and integrating

Transportation planning

Construction of new roads
Location of transport junction
Answer “what-if” questions

Transportation management

Prevent traffic jam
Optimize traffic lights
Direct human crowds
Identify bottlenecks



Big Data Applications(lll): Finance

>
2 Placement

-,ﬁ __ e \Layering . . . .
$) =#¥ e Finance Prediction/Policy
———— i e Cash flow
e Abnormity Detection

— Fraud
— Money laundering

Payment by 'Y' | X
of false invoice
to company ‘X’

= Integration @
e e Vi 28
Purchase of luxury Assets Loan to "8 ¥ _ .
Financial Investments Company 'Y —_p shore Ban
— Tax evasion
m E [ ] [ ] °
il = e Fintech (financial

-
i m o .
: T technology )

}A‘ —_ "
B ] _
m — Blockchain

- lu} - x
i E (| il — P2P |Oan

F ]
A centralised ledger tracks A distributed ledger eliminates
asset movements within the the need for central authorities to
financial system between institutions certify asset ownership. Instead it
is held and verified by many institutions,

to cut down on fraud and manipulation



Big Data Applications(lll): Finance(ll)

Blockchain Decoded

A transaction between

2 parties occurs

gD

ENCRYPTION

LEDGER

do=n 18
Mark 1%

The transaction is added to
an online transaction ledger
encrypted with a digital
security code

VALIDATION

A
ra)o X2

l [
rahira

John 25

Mark 15

The code of the transaction is
sent to a large network where
the authenticity of the code is
confirmed without compromising
private information and
eliminating the need for a

central authority for confirming
transactions

Once a transaction is
confirmed and validated
by several parties, it
axists on the ledger of
each as a permanent and
immutable record of the
transaction

DISTRIBUTION

LEDGER

>4

The transaction
information is recorded
in a public ledger and
the transaction is
completed



Big Data Applications(lV): Retall Analytics
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Big Data Applications(V): Medical

 Medicine control

— Drug allergy

— Drug and Poison Analysis
* Personal Medicine

e Hospital/Clinic management
— Medical record
— Probability of re-hospitalization
 Doctor on the Cloud: Retinal-
scan analysis

— https://retinacloud.d1.comp.nu
s.edu.sg/users/sign_in




Big Data Applications(VI): Security

Cam?2 can

leave this

object to
me!!!

* Monitoring
— CCTV
— IC cards

Cam5, you
can focus on

X e Facial recognition to
detect strangers

oAl
5minutemmarv L EXlt passageway

monitoring

Crime analysis

Yuanmingyuan )\ |

Mountain ol \National
Xiang™% = L1\ g, Stadium
W \ f

: L% Tiananmen
v ~ 1
\
Nanluoguxiang
\

e
- " e
© tmsmt \- /

(a) all passengers (b) visitors (¢) shoppers (d) thieves



Big Data Applications(VIl): Manufacturer

e High returns products

— Wafer
— Petroleum

' Manufacture data
— Product imaging
— Machine sensors

— Machine repaired logs
e Usage/Applications

— Predictive Maintenance
e Which machine affected the quality?

e Which part of the machine needs to be
repaired?

e How to fully utilize the machines?

— Product quality control




Big Data Application(VIIl): Education(l)

e Student Analytics

OMeet With Principal

B Recovery Room

- Thursday, December 04, 2008
Student Analytics SR
Bowie, David - 807853
Student Intervention Count Student Inte rve ntion Time
D Euddy Room @ Buddy Room
EDiscipline Referral W Discipline Referral
A olss ois s

OMeet WithPrincipal
W Recovery Room

mSafe Seat mSafe Seat
Freventative and Disciplinary Incide nts Incidents By Incident Type
&0 &0
30 50
40 40
30 30
20 20
10 ‘>— 10
0 T S 0 T 1
F reve ntative Disciplina ry Froactive Reactive Triage




Big Data Application(VIll): Education(ll)

 PreSENSE:FIrst-Person-View sensor to
perform self-quantification of a presentation

Choose speaker ~ Play Stop

Things you do well:

Your speaking rate is appropriate.

Your speech is fluent.

Your pronunciation is accurate and clear.

Things you need to improve:

You are standing naturally most of the times, but be
more confident and more open to the audience.

You need to use open gestures that move away from
your body, extend them out to your audience.

Your eye contact with the audience is not consistent.
You need to look less at your notes or the screen.

Your tone is monotonous. Speak with more enthusiasm.

In general, your vocal behaviors are good. But, you use
your body language poorly, you do not keep the
audience engaged.

Y
Gesture: Very little or no gestures.
Posture: Posture not open or straight, speaker is unrest.
Gestre - NN HH I EEEN B = B BN B  Eye Contact: Some eye contact with audience, but still looks at
Posure | E—— | "O*scTeencompLisrickewhars.
Eye Contact - [ | =i Fluency: Few hesitation devices and no awkward pauses.
Fuency - [ I Liveliness: Lively tone that shows enthusiasm.
Liveliness - BN BN | Pronunciation: Clear and accurate pronunciation of all words.
Pronunciation - | i i i i
ronunciation Speaking Rate: Speaking rate is appropriate.
Speaking Rate - . : .
Presentation State: Only the presenter is speaking.
Presentation State |- _ -
00 05 0:10 045 020 055 040 0:35 0240 045 050 055 10




Big Data Application(VIIl): Education(lll)

 Continuous Authentication using Multimodal
Biometrics

e Use face + fingerprint images to continuously
verify presence of legitimate user

e Remote but authentic examination

flouse with
gerprint sensor

v

...............
E

Y ST



Statistic

Machine Learning

Data Mining
Clustering
Classification
Association Mining
Anomaly Detection
Visualization
OLAP

Optimization

Simulation

Relational data

High-dimensional data

Sequence

Sequences in a graph

o o

patial-temporal data

Spatial-textual data

High-dimensional time

Logistic
Transportation
Finance
Retail Analytics

Tourism?



Outline

Big Data: Characteristics and Components
— Data Generation and Collection
— Data Storage
— Database System and Technology
— Computer Networks

— Algorithms: Statistics, Machine learning, Data Mining, Visualizations, Optimizations,
Simulation

— Parallel Computing
Big Data: Types and Applications
— Relational data, High-dimensional data, Sequences, Trees, Graphs, Mixed data types
— Logistics, Transportations, Finance, Retail Analytics, Medical, Security, Manufacturing
New Trends in Big Data )
— Building models on the Fly: Principles and applications
— Collaborative Social Network System: Collective intelligence over Big Data
» Readpeer: Building social communities around documents and books
e ARShop: Augmented reality for shopping
* Digital Kampong: Building amiable neighborhood community using big data
Consideration when building big data applications



Classification

Process (1): Model Construction Process (2): Using the Model in Prediction

Classification
Algorithms ’ \

\ Testmg m
nseen ata
Classifier Data

Training
Data

Mike |Assistant Prof 3 no (Model) / \ (Jeff, Professor, 4)
Mary |Assistant Prof 7 yes
Bil  |Professor 2 yos NAME [RANK  [VEARS[TENURED|
- enured”
Jim Associate Prof 7 yes . R Tom Assistant Prof 2 no
. IF rank = ‘professor Merlisa |Associate Prof| 7 no
Dave |Assistant Prof 6 no . I
. OR vyears > 6 George|Professor 5 yes rw
Anne |Associate Prof 3 no - . : )]
THEN tenured = “ves Joseph |Assistant Prof 7 yes




LAMP: Semi-Lazy Mining Paradigm

e Semi-lazy: Do not pre-construct any model. Given a
query for prediction, find a set of nearest
neighbors(KNN) , construct model (eg. SVM,

Decision tree, HMM) on KNN and then use the

model for prediction
— Like lazy learning

 We do not commit to a global model but keep the whole historical time series
data intact

— Like lazy learning

 When making prediction, we invoke a kNN search process
— Like eager learning

* We apply complex models on the search results to achieve predictive analysis.
e Goal:

(@
N
e



Closed Book vs Open Book Exam

e Eager Learning=Closed Book Exam
— Build model before the questions arrive
— Throw away the book(data) but retain the model
— Must cater to all possible questions with the model

e Lazy Learning=Open Book Exam
— Bring the whole book(data)

— After questions are given, search for relevant
materials and read

— If insufficient time, build weak model and give weak
answer

— If sufficient time?



Illustrating Example

Predict where a new visitor will go and how much he/she will spend in

[ ]
Singapore
) ) Orchard )
age | salary | credit | sex | country | spending | Zoo Road Sentosa | Casino
oa
35| 30k | poor | M USA 500 0 1 1 1
25| 76k | good | F China 10,000 1 1 1 1 Eager
40 | 90k d| F Indi 2,000 0 0 1 1 .
£00 e i Learning
30 | 100k | poor | M Taiwan 10,000 | 0 1 1
25| 110k | good | F | Malaysia 2,000 0 1 0 1 ‘
30 | 50k | good | M | Malaysia | 5,000 1 | 0 1
35| 35k | poor | F China 100,000 0 0 0 1
45 | 15k | poor | M | Indonesia | 15,000 | 0 0 |
Match again
global modal

New visitor, (35, 76k, good, M, Malaysia,

PPPP?

L 2 2O B

country w
USA :
salary

N

/

500<spending<=20,000



Illustrating Example(ll)

e Predict where a new visitor will go and how much he/she will spend in

Singapore
' , Orchard : .
age | salary | credit | sex | country | spending | Zoo Road Sentosa | Casino Semi-la zy
0d . country

35| 30k | poor | M | USA 500 0 1 1 1 Learning
@®| 25| 76k | good | F | China | 10,000 | 1 1 1 . ‘ chi V \M lavsi

40 | 90k | good | F India 2,000 0 0 1 1 alaysia
@®| 5 | 110k good | F | Malaysia | 2,000 0 1 0 1 » ’
@ |30 | 50k | good | M | Malaysia | 5,000 1 1 0 1 b

35| 35k | poor | F China 100,000 0 0 0 1

45 1 15k | poor | M | Indonesia | 15,000 | 0 0 1 2000<Spending<=5000

Match against

Small, local model
database



Illustrating Example(ll)

e Predict where a new visitor will go and how much he/she will spend in

Singapore
' , Orchard : .
age | salary | credit | sex | country | spending | Zoo Road Sentosa | Casino Semi-la zy
0d . country

35| 30k | poor | M | USA 500 0 1 1 1 Learning
@®| 25| 76k | good | F | China | 10,000 | 1 1 1 . ‘ chi V \M lavsi

40 | 90k | good | F India 2,000 0 0 1 1 alaysia
@®| 5 | 110k good | F | Malaysia | 2,000 0 1 0 1 » ’
@ |30 | 50k | good | M | Malaysia | 5,000 1 1 0 1 b

35| 35k | poor | F China 100,000 0 0 0 1

45 1 15k | poor | M | Indonesia | 15,000 | 0 0 1 2000<Spending<=5000

Match against

Small, local model
database

New visitor, (35, 76k, good, M, Malaysia, 0,1,?,?,?)

Dynamic matching and change
model



Illustrating Example(lll)

e Predict where a new visitor will go and how much he/she will spend in
Singapore

age | salary | credit | sex | country | spending | Zoo O:::gd Sentosa | Casino
35| 30k | poor | M USA 500 0 1 1 1
25 | 76k | good | F China 10,000 1 1 1 1
40 | 90k | good | F India 2,000 0 0 1 1
30 | 100k | poor | M Taiwan 10,000 1 0 1 1
25 | 110k | good | F | Malaysia 2,000 0 1 0 1
30 | 50k | good | M | Malaysia 5,000 1 1 0 1
35 35k | poor | F China 100,000 0 0 0 1
45 | 15k poor | M | Indonesia | 15,000 1 0 0 1
35| 76K | good | M | Malaysia 4,000 0 1 0 1

New visitor, (35, 76k, good, M, Malaysia, 0,1,?,?,?)

Dynamic Insertion



Motivation for LAMP

Prediction Queries

Eager Learning
Training
5 £ gy model
Lazy Learning Prediction Queries

Prediction |&| 'i‘iq’{'

Semi-Lazy . .
L ] Prediction Queries
earning P Search
= . = Result
vad)

- Prediction |

'Information loss
Concept drift

3‘ |.D

Prediction @ Predict oD
Compare
ﬂ ‘ z» Force to build

" Expensive Global,
Complex Models

4. * ,Predict by

' .% & Simplistic prediction

KNNs
Prediction Queries
&I ¢E&§_‘.
s+, Training |/\/| 5,

on KNN - Predict
. ﬂ @compare ‘

KNNs




Motivation for LAMP(lII)

e Global model vs local model

95% spending < 100,000

e Existing mining algorithm can be applied without modification

e Grow in hardware will increasing make just-in-time model construction
feasible

e Support micro to macro prediction

5% spending > 100,000

KNNs

mas) 9 )

Global model dominated by Local model catering to
majority class: Big data build big, specific query: Right
complex model but not necessary data is more important

good model



Will LAMP be too slow?

e Growth in modern hardware will substantially reduce time to construct
local model on say 1000 well-selected training examples

TFLOPS
0O <4 N @ & O

om=nNOOMAOOO

004 2006 2008 2010 2012 2014 2004 20086 2008 2010 2012 2014

(a) CPU cores (b) GPU single precision FLOPS

12
10

(am]
s 6T

E
o]
2004 2006 2008 2010 2012 2014 2004 2006 2008 2010 2012 2014

(c) CPU memory price (d) GPU memory size

e Physical properties in real world don’t change or grow too fast
— Number of roads and speed of cars in most places
— Number of sensors one put on the body and how fast the heart beat
— How fast you type and number of photographs you take with your camera

e Eventually, processing power overtake amount of useful data that can
be generated especially in the context of Information-on-the-Go



Published Result of LAMP

sl A Hahs.
O Vosasipanen: 'H:-"..-_ ¥ ._ ‘“ d
N a3 ,

Mumbies of e [ 0 ]

% dcnon ohpes
Conbders | g 7

st (11500

& sefcneang: [

T 'R Compatiton
D B Reruvem monan
"Il TraPatam
C. Output
Memags Evw Aae G

Fradechion Raie

X

Applied in trajectory
prediction(KDD’2014). Given a vehicle’s
present movement, find k similar
historical trajectories and construct model
dynamically to predict how the vehicle
will move next.

Time series prediction on sensors
(SIGMOD’2015)

http://db128gb-b.ddns.comp.nus.edu.sg/jzhou/R2-D2/




LAMP and GENIE Example:“Semi-Lazy” Path Prediction(ll)

A. Data sets

¥ & Data domain

1
[]e
[ 1
L

B. Prediction

« Number ofPre (5 |/
% diction Objects AR

4 Confidence
“* threshold

% Self-correcting: ||

R . —

C. Output

EI

Message ' Error Rate  Self

trajectories. ..

objects...
objects...

objects...

#Successfully! We have got-the P~
visualization information of |

#Contacting server. ..
#Starting to predict moving

#Started to predict all the moving |
#Started to predict all the moving

#Start predicting moving objects | |

-

(Load ) (T

. (Reset )
\ /

4]

Time Line

n of trajectories Sample trajectories
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I
00:00:00

T T T
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T I |
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3 L LA |
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T T 71
12:00:00

T |
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| ] 1 ¥ 17
18:00:00 21:00:00

T
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v
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Start: 19:00:00
End: 20:00:00




car part lots

4000

3500

3000

2500

2000

1500

1000

500

Car Park Lot Availability Prediction

Car Part Lots Prediction for One Week at Suntec City (2-hour ahead)

— real data

___ predicted mean
(with 95% confidence interval)

200 400 600 800 1000
time step (10 minutes)

1200



Many Little LAMP: Motivation

 Many applications for applying LAMP to large
number of KNN sets

Query Document

B G k=& : mmmz m7 ml -9
Y. EWEEER - A Ny

0 3 3 7 9 1
Apply KNNs on each Perform prediction for Randomly project prediction
grid, classify each grid every vehicles and qguery on different subsets of
by constructing a aggregate them to attribute values find KNNs
classifier and then predict traffic for different subsets,
aggregate the result of conditions construct classifier for each
all the grids subset and aggregate

prediction



LAMP and GENIE

GENIE 1 Database I LAMP 1
| | |
| | |
' ! I Aggregate
: ' | Massively Models
I parallel mining
Large : Massively Parallel : Millions of : of eacI: nearest
neighbors sets
Number of | | FAASEEIC) ! KNNsets | o© Aggregate
Queries | | I Predictions
| |

GENIE: A generic inverted index
system to supports large number of k-
Nearest Neighbors (KkNN) search on
large variety of complex data
including sequences, trees, graphs
and high dimensional data

LAMP:Semi-lazy mining paradigm
which adopt a Just-In-Time
construction of prediction model only
AFTER a prediction request arrive

Rely on GENIE to find sets of kNN and
construct many local models over these
KNN sets in parallel



Similarity Search for Complex Data(GENIE) :

Shotgun, Search and Assemble using Inverted Index

strings

NWN RO

rich
stick
stich
stuck
static

2-grams

at
ch
ck
IC
q
St
ta
ti
tu
uc

W W PP O P P O

74



Searching using inverted lists

e Query: “shtick”, ED(shtick, ?)<1

sh ht
Id | strings
0 rich

stich

2
3 stuck
4 static

ti

—

IC

ck # of common grams >= 3

at
ch
ck
IC
r
St
ta
ti
tu
uc

75



Similarity Search for Complex Data(GENIE) : Shotgun,
Search and Assemble using Inverted Index

Local Sensitive™
Hashing

google

age | salary | credit sex
20 30k poor M
40 | 100k poor M
ID |String
10 | Introduction 50 110k gOOd F
20 [introductive
60 50k good M
5'g""m-"l 75 | 15k | poor M
trodu | uctio | uctiv | ntrod | oduct | roduc| ction | intro | ctive | ducti
10 10 20 10 10 10 10 10 20 10
20 20 20 20 20 20
EIEJE-‘EIE-‘EIE.“E‘?|EIEJ
gl-lc]|- cl<le|-lel- c|l . b el T . E‘ .
T,] [T, T, T, | T,] [T
o 05|88 |E
I 1] 2] [1] 2

(a) Inverted File




GPU-GENIE:

Parallel kNN Searching on the GPU

Sex DM —>.

imﬂi

Sex® F

@
rpe20 |- @D @D

CPU

GPU

(1) Inverted Index on the GPU.
(A tree index on the CPU to organize the
inverted index on the GPU)

- )

==\ [sex ] (Age

(2) Parallel process
Q/erted index on the Gy

\ 4

01 2
02 1

(3) GPU k selection to get
results



GPU Parallel Processing

e Each thread in a thread block accesses an element in
the inverted list and performs aggregation in parallel.

Posting list

e Athread block has 1024 threads for modern GPUSs.



Searching using inverted lists

—

id | strings
O | rich

2 | stich

3 | stuck
4 | static

at
ch
ck
IC
r
st
ta
ti
tu
uc

\

1

—>

2

—>

A

\

 &% in

2

—>

3

—>

W W PP P O

Multiple queries in parallel: shtick, pich, skich, puck, tatics,

“/

parallel

79



Optimizations

Bitmap Counter
Compress the whole Count Table in a bitmap structure.

Hash Table
Insert a small number of candidate objects into a hash table during the update
of the bitmap counter. Later k-selection on this hash table only.

Load Balancing
There may be some extreme long posting lists which can become the bottleneck
of the system. Therefore the length of posting lists are limited and long lists
touching the limit are divided into a set of sub-lists.

Performance
GENIE »¢« GPU-LSH & GENIE »¢ GPU-LSH &
GPU-Scan © CPU-ldx & GPU-Scan = CPU-ldx &
L) L |
£ 1000 /g,/é’ _ £ 1000 |
[= — e = |
z | 2 |
: .__,‘_’M’,‘*/* T i u y
Ty T 104
E 3
T o - R -
32 64 128 256 512 1024 32 64 128 256 512 1024
Query Number Query Number

Total running time for multiple queries




LAMP and GENIE

GENIE 1 Database I LAMP 1
| | |
| | |
' ! I Aggregate
: ' | Massively Models
I parallel mining
Large : Massively Parallel : Millions of : of eacI: nearest
neighbors sets
Number of | | FTRASEEICY ! KNNsets | o© Aggregate
Queries | | I Predictions
| |

GENIE: A generic inverted index
system to supports large number of k-
Nearest Neighbors (KkNN) search on
large variety of complex data
including sequences, trees, graphs
and high dimensional data

LAMP:Semi-lazy mining paradigm
which adopt a Just-In-Time
construction of prediction model only
AFTER a prediction request arrive

Rely on GENIE to find sets of kNN and
construct many local models over these
KNN sets in parallel



Outline

e Big Data: Characteristics and Components

Data Generation and Collection
Data Storage

Database System and Technology
Computer Networks

Algorithms: Statistics, Machine learning, Data Mining, Visualizations, Optimizations,
Simulation

Parallel Computing

* Big Data: Types and Applications

Relational data, High-dimensional data, Sequences, Trees, Graphs, Mixed data types
Logistics, Transportations, Finance, Retail Analytics, Medical, Security, Manufacturing

e New Trends in Big Data

Building models on the Fly: Principles and applications

@_— Collaborative Social Network System: Collective intelligence over Big Data

» Readpeer: Building social communities around documents and books
e ARShop: Augmented reality for shopping
* Digital Kampong: Building amiable neighborhood community using big data

e Consideration when building big data applications



Motivation: Collaborative Social Network
System

“Things fall apart; the centre
cannot hold; Mere anarchy
is loosed upon the world”----
-- The Second Coming

Problem: People,
information are extremely
fragmented and getting the
right information from the
right people at the right time
is extremely difficult
Solution: Build social
communities and index

information around certain
“centers”
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Readpeer: Building Social Communities Around
Documents and Books

<>l

Asia Pacific Guides™

Singapore

Introduction

Singapore is one of Asia's gourmet capitals and
although it is home te many of the continent's
fanciest restaurants, it also boasts thousands of
cheap food joints, where you can Iindulge on a variety
of local delicacies for a fraction of what it costs to
dine in a restaurant. ..

Many of those cheap and fabulous eateries can be
found in the city's numerous hawker centres.
Hawker Centres, for those of you who still don't
know, are one of the best things Singapore has to
offer to its visitors, and visiting the city-state without
eating at one of them is as unthinkable as visiting
Paris without dining in a "Bistro", or visiting Istanbul
without having a Déner Kebab in a2 small bazaar
stall.....

These 'institutions' started to spring up almost fifty
years ago, when spanking clean Singapore decided to
move its food hawkers from the streets and regulate
them a bit...

A guide to the best hawker centres

Hawker Centres are frequently visited by health
inspectors, which means they are reasonably clean
and eating in them should not be a problem at all...
The atmosphere, cbviously, is unpretentious and
there is nothing much in the way of glitzy décor or
perfact table settings... On the other hand, you are in
Singapore, which means you are not likely to find a
place that is too messy or rowdy... (Not to mention
filthy), and you do have a chance to get to know
some locals, who will be happy to lend you some

EMREAT_CS.S0C:
agismobility: Singapore favorite pastime -
good food which is available at many hawker

centres or restaurants, whi

rite pastime - good food

Singapore favorite pastime - good food which
is available at many hawker centres or

restaurants, which is close to..

0 0

BRLEEAT Co err-
&B?E‘n’mf-\‘l—7 st

Onita Catoe: More hawker centres io go

cashless hiip

WKer centr

Bedok Hawker Centre is the latest hawker
centre where custemers will be able to use

« first « previous 1 2 &

https://www.facebook.com/akhtung/videos/pcb.10155214811333972/10155214806188972/?type=3&theater




ReadPeer: Annotated Text are Recorded instead of
Location in the Text

m Annotated Text in Food Guide Annotations

Anthony Hainanese Chicken Rice, one of "Singapore's national dishes", is named
after the island of Hainan, in South China, where it originates from.

prepared in traditional Hainanese methods and served
with aromatic rice that has been prepared with pandan
leaves. The dish is then served with a variety

of sauces, including chili, ginger and dark soy sauce.

Bernard

I
|
|
I
I
I
|
I _ : :
Anthony | Tiong Bahr.u Market is a newly reopened Fomplex, relatively
| more spacious and pleasant than the ordinary
|
|
I
I
I
|
|
I

Hawker Centre, and with a wider selection
of excellent stalls (almost one hundred...) and some nice 'alfreso' and in

doors seats.

Chris Lau pa sat Festival Market: Originally built

. Location of Lau pa

l
l
in 1894 as a fish market, Telok Ayer Market (as it is better known) is one |_
of the best and most popular Hawker/Food centres around this side of T
Chinatown. The imposing castiron structure of the market was prefabb |
ed in Glasgow, Scotland, more than a century ago and shipped to Singa I
l

Massively Parallel Approximate Text Matching Index and Analytics



Readpeer: Annotations are Free to Flow to Any place

using Approximate Sequence Matching

West of the Old Quarter

*Temple of Literature CONFUCIAN TEMPLE
(Map p62;, [204-3845 2917, Quoc Tu Giam;
adult/student  20,000/10,000d; £:8am-5pm)
About 2km west of Hoan Kiem Lake, the
Temple of Literature is a rare example of
well-preserved traditional Vietnamese ar-
chitecture. Founded in 1070 by Emperor

Ly Thanh Tong, the temple is dedicated

to Confucius (Khong Tu) and honours Vi-
etnam’s finest scholars and men of literary
accomplishment. Vietnam’s first university

was established here in 1076. At this time
entrance was only granted to those of noble
birth, but after 1442 a more egalitarian ap-
proach was adopted and gifted students
from all over the nation headed to Hanoi
to study the principles of Confucianism, lit-
erature and poetry.

In 1484 Emperor Le Thanh Tong ordered
that stelae be erected to record the names,
places of birth and achievements of excep-
tional scholars: 82 stelae remain standing.
The imposing tiered gateway (on P Quoc Tu
Giam) that forms the main entrance is pre-

A walk through the temple of literature.

HaNoi-Te.. «

Different copy
and version of
the same ebook

Different
Platform

Different
Format

EXTRUCT. Usirg Doep Sructurat
ey e

WIKIPEDIA

Hawker centre




Readpeer: TakelLeaf
Transfer annotations without sharing the same copy
of document or book. Adopt fast indexing method
that match associated text.

follow
Userl’s Private Librar . .
VK . User2’s Private Library

Book A Transfer public

remain I Book A annotations q Chapter 2 of

orivate Edition 1 through associated Book A

text matching
Hainanese ¢ hicken riee 2 ”‘” .
.
.
e e | e

Book annotation migration problem across  Annotations retrieval during web
different edition of books browsing using matching paragraph



10N

Copyright and Content Protecti

Readpeer




TakeLeaf(lll)

Demo video

DocRicher: Transfer public
An annotations through| Takeleaf:

_ text matching _| Migrate and synchronize
automatic > . .
. annotations for various
annotation :
book versions
tool

Technical support 1
e )

/'
_ \ J J

Version graph Integrated graph

Search resuli Migrated annotations to Book A

Annotationl From Book B

31y Doy Sructunsd
eywas fasun

Annotation2 From Book C

Offline processin
Book B, C, and F

: After processing:

: 1. New annotations from A will be

: synchronized into B, C, and F

2. New referenced adages will be added to

.The updated node
The referenced node

S9JejJolul Josn




DocRicher: Enrich a textbook using social media

Demo video

DocRicher:
An
automatic
annotation
tool

Analyze texts,
guery social media
from social systemg

Document

Technical support

LiveBook:

Suggest annotations using

social media like tweets

Reconstruct queries

B ;

User
feedback

s

Partition Submltguerles Propagate:- social
to social API media
Clearl!ext T l
Hierarchical Construct query Location
clustering paths mapping
Build Tipic tree T l
Keyword Select quer! .
Y ) query Ranking
extraction nodes
5 s
Text Analysis Query Construction Data Assignment

Result list

(a)Step 1

"l Suggested
annotations

(b) Step 2

Sadejlajul 1asn

(c) Step 3

Crowdsourcing
results

(d) Step 4
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Readpeer: Q&A Linking

Link relevant contents from Quora, Stackoverflow and Zhihu to document
segments

@® ivle.readpeer.com/reading.html#book/C49E187969ED4A7FOFB56802915524F1/page/3

HMEEEM_SEEE 3 ZHEE SErEs Register your slot (Res; & Web ©0 Coursera € SOPINIDEto7 +15P [ ($) Arsenal | BigSoccer For [7) ATAP/SIP System !} AMDM: Algorithms for

«Home 11D8N_CROATIA_AND_SLOVENIA_DISCOVERY_EN.pdf

Breaklnst/Dinner

Enjoy a visit to Kotor, a coastal town in Montenegro well known for its UNESCO Waorld Heritoge listed
medieval structures induding churches and fortifications and its stunning rnatural setfing ot the very edge
of the mountain-rimmed Bay of Keter. Bay of Kotor is the deepest natural fjordike bay in the
Mediterranean Sea surreunded by steep mountairs and clifts which fall almast straight down fo the water
edge. After explore the Old Town, with its charming sireets and squares.

DAY 6 DUBROVNIK - SPLIT

Breaklast/Dinner

This meming, drive through the Croafian countryside to Split, the 2nd-largest city in Croatia. Sock up
the exuberance of the Dalmatian city of Split os you embark on a city tour through its mast important
sighte. Relive the days of the past os you come foce-todoce with Diodletian’s Palace, Temple of
Jupiter and Cathedral of St Domnius. With dromatic coastlines and turquoise waters of the Adriatic

surrounding remnants of Roman, Renaissance and Gothic buildings, this charming city is o sight to
behold.

DAY 7 SPUT — PUTVICE LAKES — ZAGREB

Breaklast/Lunch/Dinner

loday get ready for a change of scene as you approachPlitvice Lokes Mational Park, ore of
Europe's most impressive nafional parks with o designated UNESCO Werd Heritoge status sinee 1979,
Hold your breath as you walk fowards the 70-metre tall Veliki Slap, the largest waterfall in the park.
The beauty of the park lies in its 16 crystolline lakes, interconnected by a series of coscndes, and set in
deep woodland populated by deer, bears, wolves, boars and rare bird species. Then, continue en your
journey to Zagreb, the capital of Creatia, for your avemight stay.

DAY 8 ZAGREB — LAKE BLED
Breaklast/Lunch/Dinner

Ater breakfast, embark on o sightseeing tour of this old European city, with its Baroque atmasphere in
the upper town, picluresque opan-air markats and great shopping. Take in sights like Roosevelt Square,

4] =L0=goO-=10- cele-UN-LiUdlia-UetweeT-JUly-

' Accept |

What is the most famous thing in

and-August

Slovenia?
The most famous is definitely Lake Bled. If you
ask me what should really be known, it's the
Soca ri...

https://www.quora.com/What-is-the-most-famous-

‘ Accept \

Is it feasible to tour the Croatian coast by

thing-in-Slovenia

car?

Dubrovnik is the only coastal city I have stayed in
within Croatia and I will therefore confine my a...
https://www.quora.com/Is-it-feasible-to-tour-the-

Croatian-coast-by-car

Accept |

How many countries is it possible to visit
in one day?

Well, if about visiting you mean just passing by
the countries. There are a lot of rides that you

Ca...




Readpeer for Education

Problem with current MOOC: Basically still a
lecture-based approach with only one way of
explanation by a single, smart lecturer(ZE M &122.)

Allows multiple ways of explanation for the same
materials by different student mentors many of
which went through the difficulty of learning the

material(ZZ 1M K12, W T &1 Z)
Student mentors learn through teaching

Encourage students to read the book and then
search for help when needed instead of relying on
lectures right from start (i.e. self learning)



Readpeer for Education(Il)

e Can we be the “Uber” of online education?

Students Year 4 U. Stud ntst
5}\_1 each

Book
Students teacr?Year 3 U. Students
Year 2 U. Students

teach

teach » Year 1 U. Students
Year 3 SM Stug ts

n
Mentors % teach
ear 2 SM Students

yteach

Primary 1 Students

Follows

Online Video Question Everyone is a teacher to
View of the Textbook and Answering his/her juniors



Readpeer for Education(lll)

e How do we motivate student mentors to make
annotations on books?

 Answer: A proper ranking system based on
— People following them

— Number of online video questions and answer
sessions

— Provide annotations that are liked, with lots of
discussions

e Becoming a respected expert in a book must
be very desirable (fame, CV and earnings)



Readpeer: Other Target Domains

 Book Publishing

— Books are free

— Monthly subscription for author’s updates and
participation in the book community

e DIY/Sport Guide

— Books are free

— Online annotation services that provide training and
guidance are chargeable

* Personal Social Feeds Indexing
— Tie social network accounts to Readpeer

— Attached all shared social messages to relevant part of
books in Readpeer’s personal library



Outline

Big Data: Characteristics and Components
— Data Generation and Collection
— Data Storage
— Database System and Technology
— Computer Networks

— Algorithms: Statistics, Machine learning, Data Mining, Visualizations, Optimizations,
Simulation

— Parallel Computing
Big Data: Types and Applications
— Relational data, High-dimensional data, Sequences, Trees, Graphs, Mixed data types
— Logistics, Transportations, Finance, Retail Analytics, Medical, Security, Manufacturing
New Trends in Big Data
— Building models on the Fly: Principles and applications
— Collaborative Social Network System: Collective intelligence over Big Data
» Readpeer: Building social communities around documents and books
e ARShop: Augmented reality for shopping
* Digital Kampong: Building amiable neighborhood community using big data
Consideration when building big data applications



Cloud-based Augmented Reality for Shops

https://www.facebook.com/akhtung/videos/pcb.10155214827118972/10155214820483972/?type=3&theater

B

Take images
—_—

st}

Shop owner
Take an
@ .
image
_—

Shopper

A

A ", ff"

* Provide mall and shop owners cloud-
based tools to use augmented reality in
their malls and shops

e Provide shoppers to search for items in
their shopping list and provide
comments using AR

Add

annotations
_

Retrieve similar Images &
transfer annotations

FOARN L —

1
-

|



Two-level clustering

Cluster of
Take a Spatial

’ \ ~ o cluster Features

WIFI signal
WIFI Clusters

One cluster

Connect Cluster of

visually similar i
Spectral , Y visual
Images Features

clustering

Select || Ciick

WIFI Clustering Visual Feature Clustering



Website interface

Shop name Demo Actions
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Application interface

MI@ T . 48% M 17:43 =] QM@ H T .4 47%8 17:44 Q@& T .l 33%M 17:56 0] QO . 29% 0 18:23

= Photo Annotations = My Annotations

-_- RESET |SHOWALL

= Pick Existing Photo

pry I T

ARSHOP

CUSTOMER

Password

LOGIN

Log in with Facebook

No Account yet? Create one

® chair

Annotations

whiteboard .

* Login by registering or using Facebook account

* Take a new photo or upload existing photos

e Perform a query and retrieve annotations

 Add a new annotation and share with Facebook friends



Experimental Datasets
e Vivocity (1500 images)




Outline

Big Data: Characteristics and Components
— Data Generation and Collection
— Data Storage
— Database System and Technology
— Computer Networks

— Algorithms: Statistics, Machine learning, Data Mining, Visualizations, Optimizations,
Simulation

— Parallel Computing
Big Data: Types and Applications
— Relational data, High-dimensional data, Sequences, Trees, Graphs, Mixed data types
— Logistics, Transportations, Finance, Retail Analytics, Medical, Security, Manufacturing
New Trends in Big Data
— Building models on the Fly: Principles and applications
— Collaborative Social Network System: Collective intelligence over Big Data
» Readpeer: Building social communities around documents and books
e ARShop: Augmented reality for shopping
[E€ - Digital Kampong: Building amiable neighborhood community using big data
Consideration when building big data applications



Kampong (village)

e How to inherit the amiable atmosphere from the old
kampong?

* How to make the residence in modern HDB feel happy?

||
{1} 1 il
161 ST )



Three components of a Kampong system

e Cyber-physical Chatrooms
e Service Chatbots
e Sensor-based Event Detection and Prediction
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Cyber-physical Chatrooms

. 158AN sy Each Location of Interest (LOI) in the HDB estate is
represented as a chatroom (eg. a food center).

. Residents who are physically in a LOI (detected through GPS

~ and wireless signals) is said to have a physical presence in the
' LOI while cyber presence can be achieved by logging into a
= chatroom.

Residents who have cyber/physical presence in a LOI can see
each other in the associated chatroom. They can choose to
chat with each other on a one to one basis or even add each
other as friends so that they can keep in contact after leaving
the LOI.

Group interaction will be supported by sending messages to
chatbots in the chatroom (to be discussed later) which will
perform the role of spam/scam filtering before posting the
message in a public bulletin board within the chatroom. Such a
bulletin board can be virtual, observable on computing devices
or physical, observable from community smart screens that are
installed in selected LOls.
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Chatbots

For each chatroom, we will deploy Al chatbots which will
interact with residents based on the context of the LOI
that is associated with the chatroom. These chatbots play
multiple roles in the chatroom including guide, middle
man for service providers/consumers and moderators for
bulletin board. Different chatbots will be in charge of
different services in the chatroom. Example of these
chatbots includes:

* Environment chatbot,
e Security chatbot,

e Trading chatbot

* Health/sport chatbot
* Kindness chatbot

* Traffic chatbot

Residents can also be friends with these chatbots who
will send relevant information about the LOI without the
need for the residents to have presence in the LOI.



Sensor-based Event Detection and Prediction

o Blood Pressure,
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public/private sensors
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Happiness in Maslow's hierarchy of needs

Time
 Happiness=Free Time to do what you
want

e Free Time= Total time-Time Wasted

e Time Wasted on
— Searching (for items, services, experts)
— Queuing (traffic, grocery store, hawker
center, shopping malls, clinics)

e Urban Kampong: Ensure minimum
time spend on searching and queuing

Opportunities

* Happiness= Opportunities to
provide/obtain chargeable/free
services(eg. Tuition, babysitting) or
goods (eg. Garage sales) to/from
others. New jobs creation.

Urban Kampong: Facilitate efficient,
effective and reliable interactions.

Love/belonging



Happiness in Maslow's hierarchy of needs

Security

 Happiness=Feeling secure
e Urban Kampong:

— Cyber-physical neighborhood
watch group

— Intelligent safe path proposal and
auto lighting control

— Intelligent detection of anonymous
faces in neighborhood(aggregated)

Health

e Happiness= Minimum health
hazards

e Urban Kampong
— Monitor and report pollution

— Monitor and report infectious
diseases

— Promote sports etc.

Love/belonging



Happiness in Maslow's hierarchy of needs

Social
Love/belonging ‘

e Happiness= Ability to connect
and socialize with people in
the neighborhood

e Urban Kampong:

— Augmented Reality interaction

— Spatial-Temporal Aware
Messaging

Customized Environment

 Happiness= Feeling special and
that people care

e Urban Kampong

— Places with memory and
intelligence: Playground, fitness
corners, sport facilities, car
parks that remember your
preference and performance




Happiness in Maslow's hierarchy of needs

Quantified Self-
Improvement

* Happiness= Having targets
and seeing progress towards
those targets plus helping
other towards these targets

e Urban Kampong

— Enhanced facilities in
community clubs, common
areas that can measure and
guantify improvement in
common targets like sports,
performing arts, making
presentation etc.

— Support both long term
cloud-based coaching and
short term ad-hoc coaching

Love/belonging
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Summary: Collaborative Social Network System

e |f you want to get people to integrate and
collaborate on Big data, find a center(H) that is
stable(J& ) and revolve everythmg around it

o TE. MrZIBT A ig)E
e Model after nature when in doubt!

Nucleus

Electrons



New trends

* New hardware = new algorithms
 The right data is better than big data.
 Three phases of data analytics

— First Phase: Second class citizens, data provided
are by-product of other process

— Second Phase: First class citizens, collect and
process data to solve the existing problems

— Future: To identify and solve previous problems
that we have conformed to and forgotten about



Vision of Big Data Analytics and its
Impact on Education

e Al-Assisted Training and Education
e Quantified Self Improvement
* Educational Credential over Distributed Ledger



Al-Assisted Training and Education

e Use Al to identify mistakes in students and
propose remedy actions

* Provide analytics tools for human to understand
why Al programs behave in a certain way and
improve human’s performance as a result

& - 4
T
%' 9}
- SRR ou Surprising
: A ( | ] O Cle
AlphaGo ’1“ . Moves

Analytics Tools



Quantified Self Improvement

“There was once a scholar, Zhao, who put
an empty bottle and two plates

of beans on his table; one is a plate of
white beans and one is a plate of

black beans. Whenever Zhao had a good
thought, he will put a white bean in the
bottle and whenever he had an evil
thought, he will put a black bean in the
bottle. At the end of the day, Zhao will
count the beans in the bottle to determine
whether he had more good or evil
thoughts. At first, the number of

black beans is more than the number of
white beans. But as days progress, Zhao
became more aware of his thoughts and
the number of white beans became more
than the number of black beans. Finally,
Zhao went on to forget about what are
good and evil thoughts but remain a
morally upright man even without
counting beans to remind himself.”----
<<The Words of Zhu Zhi Chapter 129>>

R

Being able to quantify your
improvements can provide
very good motivation for
consistent effort



Quantified Self-Improvement in Sports and
Performance Art

Human Output(Eg. Ball
Body Movement, Music)

Racket Movement

Precision
Movement

Strength

Speed

Consistency

Rhyme

Coordination

- Overhead trajectory Leg S
A General Framework for 55 Muttple ) = Wcivariiant
. »e. Video

Measurement of Skills. The Tracking Sl S

. . ' ~—* Landing and Cross-Over
precision, strength, SpEEd, Location

. Capturing Causality Effect of Body, Equipment and
conS|stency, rhyme and Shuttlecock using Multiple Private/Public Sensors

coordination of human body
affect the movement of

. ) . Heat map analysis of
equipment which in term affect high and low quality
the movement of balls, music badminton smashes
generated etc.

Heat map of a high
quality badminton

Heat map of a low
quality badminton
smash




Quantified Self-Improvement in Sports and
Performance Art(l)

Human Output(Eg. Ball
Body Movement, Music)

Racket Movement
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Speed
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Rhyme
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. »e. Video

Measurement of Skills. The Tracking Sl S

. . ' ~—* Landing and Cross-Over
precision, strength, SpEEd, Location

. Capturing Causality Effect of Body, Equipment and
conS|stency, rhyme and Shuttlecock using Multiple Private/Public Sensors

coordination of human body
affect the movement of

. ) . Heat map analysis of
equipment which in term affect high and low quality
the movement of balls, music badminton smashes
generated etc.

Heat map of a high
quality badminton

Heat map of a low
quality badminton
smash




Quantified Self-Improvement in Sports
and Performance Art(ll)

Solve fundamental problem of not
having enough coaches

Potential creation of a new industry:
Sport and Performance Art Analytics on
the Cloud. Job creation.
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Free Walker




Educational Credential over Distributed Ledger

BUSINESS
INSIDER

''''' 08 TECHLOGY —

Corign  LIFECHANGING INERENDENCE
pabliduciinsdyr . | POWERFUL ANSWERS |

STRATEGY Goge Hring Dot

Google Has Started Hiring More People Who Didn't Go
To College

) MAXNISEN £ w
i i

After years of looking at the data,
Google has found that things like
college GPAs and transcripts are
nlmost worthless in hiring.
Following these revelations, the
company is hiring more and more
pl'u|'|n|t' who never even went to

college.

Linked [T}

Can educational credentials
like online book discussion,
internships, courses, projects
be recorded in a reliable
distributed ledger that can be
taken in consideration aside
for jobs aside from college
degree?

Can recommendation
credentials be passed around
like bitcoins between students,
employers, schools and
certification institutes?



Outline

Big Data: Characteristics and Components
— Data Generation and Collection
— Data Storage
— Database System and Technology
— Computer Networks

— Algorithms: Statistics, Machine learning, Data Mining, Visualizations, Optimizations,
Simulation

— Parallel Computing
Big Data: Types and Applications
— Relational data, High-dimensional data, Sequences, Trees, Graphs, Mixed data types
— Logistics, Transportations, Finance, Retail Analytics, Medical, Security, Manufacturing
New Trends in Big Data
— Building models on the Fly: Principles and applications
— Collaborative Social Network System: Collective intelligence over Big Data
» Readpeer: Building social communities around documents and books
e ARShop: Augmented reality for shopping
* Digital Kampong: Building amiable neighborhood community using big data
Consideration when building big data applications ‘*ﬁ



Consideration for Building Big Data Applications

1. The Moral Law (—FIi&E )

— Need advanced methods to handle big data, or just simpler
methods?

2. The Heaven ( _FIR)
3. TheEarth (=FI#h)

— The same big data application might have different effects under
different circumstances.

— Big data applications must be localized.

4. The Commander (JUEDLEF )

— Do we have the right people to build big data applications?
5. Method and discipline (F. V)

— Who own the data?

— Who maintain the system after building the applications?
— What guidelines must be followed when using the data?
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